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Abstract of the thesis entitled: 
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Recent psychological research (e.g. Wagner & Sternberg, 1985, 1988，1991) found 
that one major factor in achieving success in the workplace depends on the acquisition of 
tacit knowledge. Tacit knowledge constitutes the knowledge base serving practical 
intelligence in the task of solving everyday problems. The focus of the study is to develop 
two Tacit-Knowledge Tests (TKTs), the scenario-based recruitment tests specific to the 
Human Resources practitioners and Insurance Agents in Hong Kong that assess the job-
related tacit knowledge of the people with different levels of expertise in the occupations. 
The development of the TKT for both occupations consisted of two phrases: the 
construction phrase and the verification phrase. In the construction phrase, a newly 
developed framework, the EPS analysis, was used to generate and construct typical work-
related problems encountered by the job-holders, each associated with alternative solutions 
(responses). In the verification phrase, experts and novices of a certain occupation were 
asked to complete the tests. The tree-based models were employed to identify the key 
responses that differentiate people with different levels of expertise. The odds analysis was 
conducted in order to transform the tree-based models into a marking scheme that specified 
the likelihood of a potential candidate ofbeing an expert or a novice given his/her ranking in 
certain items. 
The results showed that both TKTs were selective recruitment tests that helped reflect 
the different kinds of tacit knowledge possessed by people in different expertise-categories. 
The test utilization and administration, the study limitations and the potential usage of TKT 
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Practical Intelligence and Tacit Knowledge 
Recruiting the 'right person for the right job，is always on the top of agenda for the 
employers. Keep improving the selection system is therefore a must for every company who 
looks upon the manpower as its critical asset. To do so, one should begin with asking ‘what 
predicts job performance well，. In the present study, we suggest that tacit knowledge is the 
answer. 
In 1973, McClelland published a landmark article that advised people to withhold their 
belief in IQ tests as a reliable predictor o f j ob performance. He stated that although the scores 
in IQ tests could predict academic performance well, its predictive power on out-of-school 
criteria, like job performance and career success, was not as great as generally assumed. 
McClelland found that students who did poorly in high school actually did well in life as the 
top students. They could take up the highly intellectual professions like doctors, research 
scientists, lawyers and college teachers. His article critically implies that school success and 
out-of-school success call for different kinds ofintelligence. Apart from academic intelligence, 
there has other kind of intelligence that determines one's real-life success. 
McClelland's findings were echoed by Wigner and Gamer (cf. Sternberg, 1996). In 
their research conducted in 1982，it showed that the average validity coefficient between 
cognitive ability tests and measures of job performance was about .2. Therefore, ability test 
scores could only explain 4% variance injob performance in this level of validity. The findings 
stimulate an intriguing question: what other factors or kinds of intelligence can explain the 
96% variance left? 
The research conducted by Sylvia Scribner (1984，1986) in studying the strategies used 
by the milk processing assemblers to fill orders supports the above findings. She discovered 
that the lowly educated but experienced assemblers who did poorly in mathematical algorithms 
were able to minimize the number of moves in assembling a package. In contrast, when the 
assemblers were absent, the highly educated white-collar workers who substituted their posts 
could not perform as good as the experienced assemblers despite the fact that they 
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outperformed the assemblers in arithmetic test scores. Her research brings forth several 
interesting points: why did the white-collars workers do well in mathematical tests but poorly 
in real-life contextual mathematical tasks? And why was the opposite true for the experienced 
assemblers? If I were an employer, how would I weigh the importance of real-life application 
against written-test application? If I were to recruit an assembler, should I consider the 
arithmetic test as a useful selection tool or adopt other tools that assess the actual performance 
ofcandidates in assembling the package? 
The findings of these researches are appealing. In reality, there are many successful 
figures who have rather low educational level excel in their career. Lee Ka-shing, the local 
superman in property, was actually a primary-school graduate. Despite the low education, he 
outperforms other successful businessmen in his cohort who attained higher level ofeducation 
in being the top three richest men in Hong Kong and the top fifty in the world. Another 
example, John Major, the former Prime Minister of the Great Britain, had never attained any 
university degree before he assumed the post of Prime Minister. The achievements of these 
successful figures sparkle us to think about 'apart from academic intelligence, what kinds of 
intelligence do they possess that make them excel in career?' 
Ulric Neisser's introduction of practical intelligence (1976) shed light on the above 
question. He pointed to a distinction between academic intelligence and practical intelligence. 
The former is to solve academic problems whereas the latter is to solve practical problems we 
meet in daily life. According to Neisser, the characteristics of academic problem are as follows: 
First, it is formulated by others. Second, it has all necessary information available for solving 
the problem. Third, it is disembedded from our ordinary experience. Therefore, forth, we have 
little intrinsic interests to solve the problem. Wagner and Sternberg (1985) added three more 
characteristics of academic problem. First, it is well defined. Second, it usually has one correct 
answer. • Third, it often can be solved by one method only. 
Practical problem is the sort of problem we encounter in work and daily life. Its 
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characteristics are almost opposite to the ones of academic problem, they are 1) ill defined, 2) 
unformulated, and 3) of personal interests, there involve 4) substantial information seeking, 5) 
multiple ‘correct，solutions, and 6) multiple methods to the problem, and 7) prior daily 
experiences are relevant for you to find the solutions. 
As practical intelligence has been pointed out as the essential intelligence for solving 
practical problems, there has been research on which particular kind of knowledge is used to 
solve problem of this type. As stated by Wagner and Sternberg in 1985, we access academic 
knowledge in solving academic problems. This kind of knowledge is acquired formally 
through well-scheduled curriculum and training provided by educational institutes. The formal 
knowledge is useful for us to tackle academic questions - such as "calculate the value of 'x ' if 
2x+3=9", and "what the highest mountain is" - which are well defined, with one correct 
method and answer, and have little relevance to our daily life. When it comes to practical 
questions, for instance, how to prioritize your work, how to deal with difficult people, how to 
motivate yourself to get the job done, and how to propose your ideas successfully, we access 
informal knowledge. This kind of knowledge cannot be acquired through formal education, 
but by experience learning. As put forth by Wagner and Sternberg (1985, 1986)，it is called 
tacit knowledge. Tacit knowledge is the work-related practical know-how that is leamed 
informally on the job, and is not openly expressed or stated. Two important points should be 
noted. First, although tacit knowledge is the kind ofknowledge that often cannot be explicitly 
stated, it does not imply that such knowledge is entirely unspeakable, inaccessible to 
consciousness, or even unteachable. Instead, it implies that much tacit knowledge is 
disorganized and relatively inaccessible, making it difficult to be put into direct and formal 
instruction. It echoes our previous point that the quest for tacit knowledge is mainly through 
capitalizing on and learning from experiences. Despite of its non-communicable nature, tacit 
knowledge can be inferred or reflected from people's actions and their spoken statements. 
With a systemic framework, we will be able to tap and organize the knowledge for purposes 
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like recruitment and training. This is one of the very interests of the study that will be 
discussed later. 
Furthermore, it should be noted that the word ‘tacit, cannot capture the full meaning of 
it. As Polanyi (1962, cf. Sternberg & Wagner, 1985) put it, 'we know more than we can say,. 
For most of the time, we are unaware of the tacit knowledge being applied or acquired. 
However, we know of its existence and know that it is the ‘art，that make people excel in their 
work. 
What exactly is Tacit Knowledge? 
The nature of tacit knowledge can be studied more closely by considering the three 
characteristic features of it. First, tacit knowledge is procedural in nature. Second, tacit 
knowledge is relevant to the attainment of goals people value. Third, tacit knowledge is 
acquired with minimal environmental support (Sternberg, Wagner, Williams & Horvath, 1995; 
Sternberg. 1996) 
Tacit knowledge is procedural and closely related to action. The contrast between 
'procedural knowledge' (knowing how) and 'declarative knowledge' (knowing that) best 
illustrates this particular characteristic. As stated by J. R. Anderson (1995), procedural 
knowledge is required to do things, whereas declarative knowledge is how you know about the 
world. For instance, the knowledge acquired by students who are studying the topic of 
'employee communication' through seminars and readings is called the declarative knowledge 
-knowing what 'employee communication' is. However, if they were to work in an 
organization and assigned to carry out employee communication system, the declarative 
knowledge they leamed from the course would not guarantee an effective execution. Only 
when they keep on trying it, and learning from experiences, should they acquire the tacit 
knowledge underlying a successful execution. 
Procedural knowledge can be represented in a condition-action pair that directs its 
particular use. The general form of the pair is as follows: 
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IF <antecedent condition> THEN <consequent ac t ion� 
For instance, the knowledge ofhow to drive could be represented as 
IF <the red light is o n � T H E N <stop the car> 
The specification and combination of the conditions and actions that constitute 
procedural knowledge can be quite complex. Li reality, there would be mulitconditional rules 
(i.e. multiple IFs) for how to pursue particular goals in particular situations. For instance, 
knowledge about establishing an effective employee communication system in a pay-cuts 
event may be represented in a form with multiple conditions: 
IF < the announcement of pay-cuts arouses massive discontent from employees > 
AND 
IF < the CEO is committed to endorsing the decision > 
AND 
IF < sufficient budget is available for funding the communication system > 
AND 
IF < the staff is asking for a reasonable explanation about the decision > 
THEN < ask the CEO to develop a personal-touch communication with the staff by 
communicating the message with reasonable grounds in staff seminars, lunch meetings, 
internal newsletters and video documentary filmed by in-house s t a f f .� 
How does declarative knowledge relate to procedural knowledge? When you start to 
work on something, for instance, developing an effective employee communication system, 
you will often begin with articulating general rules in roughly declarative form, for example, 
‘avoid procedural injustice', 'establish sufficient channels to address staff complains and 
inquires', and 'well publicize the available channels', etc. When such general rules are probed, 
they often take an abstract form. Each of these rules then generates a family of complex 
specified procedural rules which directs your actions to your goal. In other words, it helps you 
form the IF-THEN condition-action pairs when you are in a planning stage, and find the right 
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'THEN' (i.e. specific action or behavior) when an IF condition is actually encountered. The 
above example of dealing with pay-cuts event illustrates the IF-THEN pair concerning the rule 
of 'establishing sufficient channels to address staff complaints and enquiries' in pursuing the 
goal of 'developing an effective employee communication system’. 
The second characteristic is that tacit knowledge is instrumental to the attainment of 
goals people value. For instance, knowledge about how to push down the selling price claimed 
by the seller is practically useful for the property agents who value the outcome, but is not 
practically useful for those who do not want to do so since it may cut their commission as well. 
Hence, 'knowing how，would only become a person's tacit knowledge if the knowledge is 
useful to attain the goal one values. 
Tacit knowledge is acquired with minimal environmental support, and it is often 
acquired on one's own. Given its property of non-communicability, neither people nor medias 
can explicitly convey the knowledge to others. This characteristic of tacit knowledge is 
consistent with its characteristic of procedural structure, because procedural knowledge, as 
opposed to declarative knowledge, can hardly be conveyed verbally. Given the characteristics 
of procedural structure and its acquisition without direct help from others, the possession of 
tacit knowledge would give one an upper hand in a competitive environment. The ‘secret 
skills，one owns is in tum practically useful for who aims at excelling the competitors in 
today's world. 
Relating Tacit Knowledge to Knowledge Management 
The above discussion of tacit knowledge is mainly at the personal level. To study tacit 
knowledge at the organizational level, we can look to Knowledge Management (KM). KM is 
now gaining more and more attention in the academic world as well as the world of learning 
organizations, hi the past, people viewed the organization as a machine of 'information 
processing' (Nonaka, 1991). According to this view, the only knowledge that worth 
management is formal and systematic - hard (read: quantifiable) data, codified procedures and 
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universal principles. Its examples include the technical specifications and standardized 
designs represent information. However, as stated by Lei, Hitt and Bettis (1996)，the generic 
knowledge that can be imitated easily by other companies will not bring about a significant 
contribution to a company's competitive advantage. In a highly competitive business world 
where uncertainty is a way of life, organizations become aware that creating, utilizing and 
retenting a kind of knowledge that is solely owned by them is most critical to their survival 
And the kind ofknowledge is tacit knowledge. 
Unlike universal knowledge, tacit knowledge is firm-specific and often cannot be 
encoded or written. Tacit knowledge has a hard-to-decipher quality that cannot be easily 
transmitted to others and often represents a shared experience among organization members. 
For example, the skills required to implement a new production process successfully are often 
specific to the organization that outsiders cannot easily duplicate. Universal forms of 
knowledge can be readily transmitted and leamed by other firms through market transactions. 
Tacit forms ofknowledge, on the other hand, are the firm-specific languages that can often be 
leamed by 'apprenticeship' or leaming-by-doing through collaborative arrangements. In this 
sense, tacit knowledge not only includes the knowing in meeting thejob requirement, but also 
the knowing about the organizational culture and the moral standard generally held by the 
company members and the like. 
The new awareness of tacit knowledge is catalyzing a paradigm shift in the business 
world whence more organizations start regarding manpower, instead of capital, as their key 
company asset. The reason is that tacit knowledge, the essential knowledge for company 
survival, rests on its people. It is its people who are able to draw insights from the 'objective' 
data and develop creative plans to benefit the company's endeavors in the ever-changing 
environment. Therefore, organizations now widen their KM scope by extending the 
knowledge networks from the technological link (linking universal knowledge among database) 
to human link (linking tacit knowledge among people) (Cliffe, 1998). The Tacit-Knowledge-
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Management can be executed by developing a systematic framework that taps and organizes 
the knowledge by the method of story-telling. Story-telling is regarded as an effective KM 
skill since it facilitates the transfer of complex ideas, values and even corporate culture in 
diverse populations (Kleiner & Roth, 1997，Snowden, 1998). The method can be executed by 
asking employees to contribute the critical situations they have encountered before and 
indicated how they deal with them. The information given by them is then organized and used 
as discussion materials in staff meetings. The discussion not only provides the staff with 
opportunities to evaluate the strengths and weaknesses of the responses, but also share their 
experiences. It is indeed a knowledge transfer setting that facilitates mutual learning. 
Comparing tacit-knowledge approach to the motivational approach in predicting job 
performance and real world success 
Researchers like McClelland and Atkinson (see McClelland, 1987) adopted the 
motivational approach to study how motives drive and were satisfied by intellectual behavior 
in actual settings. The concept of n-Ach (i.e. the need to achieve), a motive which directs 
thought and behavior toward the goal of achieving excellence, has stimulated extensive 
research of practical importance. Research hypothesized that people high in a-Ach tend to seek 
out and do better at moderately challenging tasks, take personal responsibility for their 
performance, seek performance feedback on how well they are doing, and try new and more 
efficient ways of doing things. Helmreich, Spence, Beane, Lucker and Matthews (1980) 
discovered that need of achievement was a reliable predictor for people's competence and thus 
achievement in academia. 
The knowledge-based approach adopted by Sternberg, Wagner and their colleagues, 
which studied how ‘experts, and ‘novices，differed in their performance on tasks relevant to 
their domain of expertise, shared with the motivational approach an interest in motivational 
aspects of real-world competence. However, the two approaches differ in their respective 
focuses. The motivational approach focuses on the role of motives in real world 
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accomplishment. The focus of knowledge-based approach is on the 'self-knowledge' an 
individual has about his/her own goals and motives that are useful in maximizing 
accomplishment. For instance, some people prefer working in a less competitive environment 
so that they can perform better, whereas others find that working in a competitive environment 
would boost up their performance. Knowing what you are can be practically useful in selecting 
the most suitable environment that bests accommodate your needs and preferences. Therefore, 
comparing with the motivational approach like n-Ach, the tacit-knowledge approach is more 
direct in studying how one's knowledge ofhis/her own motives maximizes the manifestation 
ofreal-world competence. 
How to tap and test Tacit Knowledge? 
Past research has shown that the tacit knowledge aspect of practical intelligence can be 
effectively tapped and measured in different fields like academic psychology and business 
(Wagner & Sternberg, 1985, 1986). In the case of exploiting the business managers' tacit 
knowledge, researchers would first ask the experienced managers to provide a set of work-
related situations they have encountered and their possible responses to them. Researchers 
would then create a test for the profession by framing the incidents into questions that ask the 
prospective participants what to do under the situational constraints described in the questions. 
Altogether there would have 12 work-related scenarios, each associated with alternative 
responses (the number of responses ranged from 5 to 20). In each scenario/question, the 
participant would indicate how he or she would solve the problem by rating the various 
response items. An example ofhypothetical situations in Wagner and Sternberg research (1985) 
is as follows: suppose that you are a business manager, a subordinate whom you do not know 
very well has come to you for advice on how to succeed in business. You are asked to rate each 
of several factors (usually on a 1 = low to 9 = high scale), according to their importance for 
succeeding in the company. The examples of factors may include (a) doing routine tasks early 
in the day to make sure they are completed, (b) trying always to work on what one is in the 
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mood to do, and (c) prioritize the tasks according to its urgency and importance. 
In addition, each situation is concerned with one of the three content areas. Tacit 
knowledge about managing self refers to the ability to motivate and organize oneself in work 
situations so as to maximize ones' productivity. Examples of tacit knowledge about managing 
self include knowledge about which distraction that one is more vulnerable to so that one 
should not expose to it, knowledge about how to use one's strength to make up weakness, 
knowledge about how to use the most efficient methods to get thejob done given the situational 
constraints. Tacit knowledge about managing career refers to establishing career successfully. 
Examples of tacit knowledge about managing career include knowing how to choose the job 
that best manifests one's ability, knowing how to ask for job rotation in order to widen 
exposure. Tacit knowledge about managing others refers to managing colleagues, subordinates, 
supervisors and other social relationships. Examples include how to make your subordinates 
loyal to you, how to criticize others suggestions without offending them. The proportion ofthe 
three content areas in the 12 work-related situations is balanced. 
By using a prototype method of scoring, Wagner and Sternberg quantified tacit 
knowledge by comparing participants' item ratings to the mean item ratings of a group of 
business experts who were employed by companies on the Fortune 500 list. The experts 
selected had titles higher in status and responsibility than Vice President, at least three years of 
experience in their present position and annual salaries of at least $100,000. Deviations 
between participants and the expert group are squared and then the appropriate items are 
summed to yield scale scores for each of the three content areas. A lower score represents a 
higher level of tacit knowledge as it indicates less discrepancy from the expert group and vice 
versa. 
The participant sample was diverse. For the tacit knowledge test ofbusiness manager, 
the types of participants ranged from experienced managers with decades ofwork experience 
to undergraduates with no experience at all. As a result, a sample ofboth novices and experts 
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was created. Variation in scores of the Tacit Knowledge Tests (TKT) was shown from expert 
group and novice group. 
In the between-group analyses, the research findings were as follows: the business 
managers group, whose average age was 50，outperformed the MBA students, and the 
undergraduates in the TKT. The MBA students in tum outperformed the undergraduates 
(Sternberg & Wagner，1985). Similar variation in performance was also shown in the field of 
academic psychology, where full professors outperformed assistant professors. 
The results showed that people with different levels ofexpertise of a certain occupation 
would have different interpretations concerning the responses' appropriateness. Such 
differences were reflected in their different levels of performances in the test. The findings 
imply that the tacit knowledge possessed by people with different levels of expertise are 
different. People with higher level of expertise would possess similar tacit knowledge and as a 
result, indicate similar responses in test. On the other hand, people with lower level of 
expertise would possess the kind of tacit knowledge that is dissimilar to that possessed by the 
experts. The dissimilarity is reflected from their dissimilar responses. 
Does performance in TKT really predict performance in management? The finding 
showed that it does. Here are the summarized findings of the research conducted by Sternberg, 
Wagner and their colleagues. The correlation between tacit knowledge scores and criteria such 
as salary and years of management experience was .2 to .4. Tacit knowledge was also 
significantly correlated with managerial compensation (.39) and level within the company 
(•36). In addition, the tacit knowledge scores of bank managers had a .48 correlation with 
average percentage of merit-based salary increase and a .56 with 'generating new business for 
the banks'. The above findings indicated that for somejob criteria, tacit knowledge predicted 
as good as IQ. And in other kinds o f j o b criteria, it predicted better than IQ. 
There were other findings that revealed a more subtle view of tacit knowledge. The 
results showed that on average, tacit knowledge increased with ‘years o f j o b experience'. 
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However, it was not a direct function (Sternberg & Wagner, 1993). In other words, an 
individual with more years of job experiences would probably score higher in the TKT than 
those with less experience. But the opposite can also happen, i.e. individual with less years of 
experiences would perform better in the test than those with more years of experience. 
Therefore, it echoes our previous point that what matters most is not how many years of 
experiences an individual has, but how well the individual leams from the experience, acquires 
and applies the tacit knowledge properly. 
The study that tested the undergraduates' tacit knowledge showed that scores in TKT 
had a non-significant correlation with the scores in verbal ability tests. Other studies also 
showed that tacit knowledge correlated trivially with other cognitive-abilities as well. Thus, 
tacit knowledge is not a fancy proxy for IQ. 
Tacit knowledge also predicts academic performance. Its predictive power was as good 
as the conventional academic ability tests (with a multiple R of about .6). 
Another interesting finding: Managers who scored high in the TKT for business 
managers also scored high in the test for academic psychology professors. The correlation 
between scores in the two domains was .58. It gives support to the argument that tacit 
knowledge measures correlate across domains and there is at least one commonality of the tacit 
knowledge required for success in different domains of work. People who tend to be good at 
acquiring and applying some aspects of tacit knowledge also tend to be good about others. In 
short, it is suggesting that there is something like general factor. One may argue that the result 
may be an incidental one or due to the possible overlapping in the contents between the tests for 
business managers and psychology professors. The counter-argument generates an empirical 
question for future research to investigate whether the correlation between the scores ofthe two 
different tests is replicable in the tests of other professions. 
All in all, the well-established tacit knowledge research convincingly showed that tacit 
knowledge is a good and reliable predictor for job criteria of different kinds, and its predictive 
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power is as good as or even better than verbal-ability tests in different kinds ofjob-performance 
measures. 
Comparing TKTto other selection methods 
Given the above indication, the test can be applied to the management selection context 
where candidates who indicate the expert-like answer are selected. They are looked upon as 
the potential experts that may succeed the jobs as the experts do. We will now illustrate the 
advantages of TKT as a selection tool by comparing it with the situational interviews and 
incorporating it with the simulation approach and the Knowledge-Skill-Approach framework. 
In the situational interviews (Latham and Saari, 1984), interviewers first present ajob-
related problem to the candidates and see how they dealt with it in the past, or how they will 
handle it as it comes up. In our language, the interviewers are presenting the IF conditions 
while the interviewees are required to answer the THEN actions. This critical-incident 
technique is similar to the TKT as one is presented verbally while the other is in written form. 
Having said that, the TKT has advantages over situational interviews. First, in situational 
interviews, the interviewers often do not have any 'objective' criterion injudging whether the 
candidates give a good answer. They may judge the answers with their own subjective 
criterion. More importantly, they may not be the experts of thejob the candidate is applying for, 
as it is common for a personnel executive to take the role of interviewer no matter what kinds of 
recruitment are in question. Thus, in this respect, TKT is a better selection tool because it lists 
out the experts' answers where the interviewer can draw credible references in making 
judgement. Second, asking situational interviews is quite time-consuming. Usually, the 
interviewers are allowed to ask five incidents at most in an interview. In comparison, making 
the interviewees to answer several questions in TKT can give a more comprehensive view of 
their competence. Given the above advantages of TKT, it is suggested that the test can take 
over the role of the situation interviews in selection and make interviews specialized for other 
purposes, such as the candidates in terms of the person-and-organization fit). 
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The simulation approach is to observe people in situations that have been set up to 
simulatejob performance. The Assessment Center, in which small groups of in participants are 
presented with a variety of simulation tasks including the simulated interviews, simulated 
group discussions, and in-basket tests (see Bray, 1982), is one of the well-known examples of 
this approach. Some renowned companies, like Hongkong Bank, adopt the Assessment Center 
as the final round screening device for the post like Management trainee. As compares to the 
knowledge-based approach, the simulation approach can elicit the practically intelligent 
behavior in a test situation, instead of the practical knowledge that is elicited by the 
knowledge-based approach. One may argue that the simulation approach can test people's 
actual performance more directly than the knowledge-based approach. However, one should 
be taken note of the fact that given the time limit in conducting selection, it is impractical to 
simulate the wide variety of tasks and situations that may be involved in a certain job at one 
time. Therefore, examiners who design the simulation test often face the difficulty in deciding 
which parts of a job to simulate. Such drawback of the simulation approach can be made up for 
by the knowledge-based approach. The paper-and-pencil task we used in this study somewhat 
resembles simulations. Although they are not actual simulations themselves, it can cover a 
wide variety of tasks and situations fo r a job . Moreover, unlike the simulation approach, the 
present approach also has clear criterion to evaluate performance. Therefore, the knowledge-
based approach is a practical supplement to the simulation approach. 
Knowledge-Skill-Attitude (KSA) job analysis is also used as a selection method (see 
Harvey, 1991). The analysis is conducted by first, identifying the K S A required to succeed 
the job, and then examining whether the applicant has the particular K S A for the job. When 
considering the TKT in the KSA framework, the test will get into the K-category. However, the 
K-category in the KSA framework mostly assesses the applicants' technical knowledge about 
the job, holding other situational and environmental factors constant. In other words, for a 
person who is applying for the job of computer technician, the K-approach will only assess 
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his/her knowledge about computer programs. However, in reality, the person not only should 
deal with the technical problems concerning the computer programs, but also handle practical 
problems like prioritizing works, dealing with users' complaints, and handling conflicting 
commands from supervisors. The tacit knowledge that used to solve practical is as important 
as the computer knowledge for a technician to succeed injob. Therefore, we suggest that TKT 
is a useful supplement to the KSA approach. 
Focus of the Present Research 
The present research will study how TKT is used as selection device for two 
professions, Human Resources Practitioners and Insurance Agents. 
Human Resources (HR) is one of the industries in Hong Kong that has undergone a 
critical transformation in organizational role in the recent years. In the past, HR Practitioners 
were looked upon as officers who mainly handled administrative works. The top management 
had rarely devolved strategic responsibilities to these officers. However, things have been 
changing recently. HR practitioner is now turning to a consultative role that gives professional 
advice to other departments on HR processes. Further, they are striving towards the goal of 
being a strategic partner in the organization that takes part in determining company objective 
(Ulrich，1998). Thejob nature ofHR officers is no longer clerical and administrative. Instead, 
it requires talents with business-mindedness, critical thinking and excellent interpersonal skills. 
With the increase in job sophistication, it is critical to adopt a new selection tool that can 
comprehensively assess the newcomers' job-related competence. 
Moreover, forward-looking companies that have recognized the potential contribution 
of an effective HR management are now requiring all managerial staff, regardless of their 
specialties, leam to be a HR manager. It is because the HR-related issues, like supervising 
subordinates, developing their strengths through training, planning succession, and keeping 
morale and performance by well-established compensation and monitoring systems, are among 
the top of the daily agenda for these staff, and updating the their ability in HR management are 
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thus essential. Given the phenomenon, a selection tool that assesses the candidates' HR-related 
competence is not only useful for the HR staff recruitment but also the managerial staff 
recruitment. 
On the other hand, insurance industry is also an interesting profession as it is predicted 
to be prosperous in the next five years in Hong Kong. In the recent annual dinner of AIA 
Insurance Company, the Company Chairman noted in his speech that only 30% of the Hong 
Kong population bought insurance, thus there are lots, lots of rooms for the industry to develop. 
Given the fast-growing pace of insurance industry, it is expected that 'selecting more 
good/productive agents' is one of the important and immediate concerns of the insurance 
companies to boost up the business. 
How to select the right candidates who possessed the above qualities? 
For selection, the candidates who have their answer patterns similar to that of the 
experts in the TKT could be selected as new recruits, as it implies that the kind of tacit 
knowledge possessed by those candidates would lead them to succeed thejob as the experts do. 
There are two main reasons for developing TKTs for selection purpose. First, despite 
the very findings of discriminating experts and novices, the tacit knowledge tests developed 
mainly in the U.S. have never been put in the recruitment context. Attempt that designs 
occupation-specific TKTs package with scoring schemes would therefore be useful for the 
Hong Kong recruiters. Second, despite the fact that the tacit knowledge researches have been 
well established, the tool in tapping tacit knowledge can further be improved. In constructing 
the TKT, Wagner, Sternberg and their colleagues asked the participants to describe some 
work-related incidents and give their possible response to them. However, there was no proper 
framework to guide the participants to write incidents that reflect different aspects oftheirjobs. 
Thus, the incidents written by participants may be confined to a certain aspect only, for instance, 
how to deal with interpersonal relationship. As developing a test that represents a 
comprehensive view about thejob is critical in examining the all-round quality concerning the 
16 
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The EPS Analysis 
^ 
^ ^ A ; ^ r ^ ^ x ^ ^ A x ^ 
I n / factors \ Q \ 
k^XU 
Many factors determine the success and failure of people, including insurance 
consultants and HR practitioners. These factors mainly come from three dimensions, 1) the 
Environment, 2) other People, and 3) Self. For the first dimension E, it is divided into two 
sub-dimensions - one is external environment and the other one is internal environment. 
Examples of the factors come from external environment are economic condition, societal 
perception towards insurance agents, governmental policy and social norm in buying insurance. 
Examples of factors of internal environment are company policy, organizational structure and 
organizational norm. For the second dimension of other People, the examples of i ts factors are 
clients，boss, supervisors, colleagues, family and friends. The examples of factors come from 
the dimensions of Self include knowledge, interpersonal skill, communication skill, common 
sense, self-motivation, persistence and emotional intelligence. 
The EPS analysis not only incorporates the three-content-area framework developed by 
Sternberg and Wagner, but also adds a highly important but neglected content - the 
Environment - in order to construct a TKT that best examines all necessary quality for an 
insurance agent and a HR practitioner. 
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Tree-based Analysis: An Introduction 
The objective ofthe present study is to distinguish people with higher level ofexpertise 
in a certain occupation from those with lower level of expertise, according to their ranking 
patterns in the TKTs. Because of the nature of the ranking-oriented data, we employed a 
special technique for data analysis - the tree-based modeling. 
Tree-based modeling is an exploratory technique for uncovering structure in data. It 
offers a means of characterizing patterns and identifying the expert- and novice-categories with 
as many predictor variables (i.e. the response items in each scenario) as available, even ifthis 
number exceeds the number of participants sampled. This method proceeds by recursively 
partitioning the subjects into expert or novice categories based on a series of dichotomous 
splits from a set of explanatory variables - the response items in each scenario. The entire set 
of response items can be screened by this procedure to choose a subset that can be used to 
classify subjects into relatively homogeneous groups based on similarities in the ranking 
patterns ofitems (Clark & Pregibon，1992). 
The exact procedure of partitioning starts after evaluating each predictor variable for its 
potential to separate expert category from the novice category: the variable that results in the 
purist division of the expert and novice categories among all participants in a certain sample is 
selected as the best predictor for the first branch of the tree. The recursive partitioning 
procedure is then repeated for each of the two sub-groups that result from the first split, again 
searching all cut-off points of each variable to find the variable that gives the separation of 
expert and novice categories. The process is repeated for subsequent descendant groups until 
no further partitioning is feasible because the subgroup contains fewer participants. 
The tree-based models do not require a statistical distribution assumption for the 
observations. It tests all of the ranking patterns, and uses a statistical criterion (change in 
deviance, which is directly related to the log-likelihood) to choose a subset of rankings. 
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Moreover, the visual nature of the trees facilitates a better presentation and understanding of 
the results. 
The use of classification trees becomes more prevalent in the 90's in disciplines like 
Aquatic Science (e.g. Smith, Iverson & Bowen, 1997)，Epidemiology (e.g. Nelson, Bloch, 
Longstreth & Hong, 1997)，Clinical Psychology and Educational Psychology (e.g. Ostrander, 
Weinfurt, Yamold & August, 1998 and Sheehan, 1998) and Economics (e.g. Chatteijee & 
Srinivasan, 1992). Therefore, it would be interesting to apply the technique to Industrial and 
Organizational context and see what results it can generate. 
The Process ofTree-Building in the Present Study 
The measure of tacit knowledge in both studies o f H R and Insurance Agents are TKTs 
tailor-made for the specific occupation. The formats of the two TKTs are similar in the sense 
that both contain a number of work-related scenarios, and each scenario associates with five to 
six responses while the participants are required to rank each response according to its 
appropriateness in handling the scenario. For a detailed description of the TKT, please refer to 
the methodology part ofboth studies. The response items are used as predictor variables in the 
tree-based analysis. Each of the predictor variables is to be screened by the classification tree 
algorithm to see which would best classify observations into a particular category. 
The process of screening can be illustrated in the following example: in a subject 
sample which consists of two categories - a novice category formed by 80 individuals while a 
expert category formed by 20 individuals - a particular response item in a scenario may 
separate the majority of participants in novice category from those in the expert category, in 
terms oftheir ranking patterns in that response item. Additionally, another response item may 
be instrumental in separating individuals in the novice category from those in the expert 
category. Thus, the procedure is best described as creating an inverted tree structure with the 
root node at the top and with the original observations represented as vector y � = (80, 20), i.e. 
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(80%, 20%) in percentage. For a particular group, observations in this vector will be classified 
as "travelling" down either the left branch or right branch leading away from the root node to 
other intermediate nodes. The decision on whether a particular participant is assigned to the 
right branch or left branch will depend on whether the observed level for a certain response 
item is above or below some cutoffvalue. At each of the intermediate nodes, another response 
item is used to assign observations to even more left and right branches until a terminal node is 
reached. Ideally a terminal node will have observations belonging to one category only, e.g. y^  
=(100%, 0%). The decisions and branches taken to get to this node will define, in this example, 
participants in the novice category. 
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Which predictor variable and what cutoff value is used is determined for each node by 
calculating the maximum change in deviance: 
(1) Z)(^;y)-D(^L,^R;y). 
The term on the left corresponds to the deviance at the root node and the term on the right is the 
sum of the deviance for the left ( ^ J and right branches (}½) or splits. The deviance function is 
defined as minus twice the log-likelihood function. 
n K 
D ( ^ i ; y ) = - 2 E Z y,.log(p,,); 
/=1 A:=1 
K groups, ^'observations in the node. 
Splitting proceeds by comparing this deviance to that of candidate children nodes that 
allow for separate means in the left and right splits. The deviance is identically zero ifal l the 
y，s are the same (i.e. the node is pure), and increases as the y's deviate from this ideal. Nodes 
become purer and purer as splitting progresses. 
In the present study, we will use the tree functions in S-PLUS (version 3.4 Release 1 for 
IBM RS/6000 (1996), AT&T，MathSoft, Inc., Seattle, Wash.) to conduct our analysis. The 
default criteria in S-PLUS for terminating branching are a change in deviance o f < l % o f t h e 
root node deviance or when the minimum number of observations at a node was <10. These 
stopping rules tend to be conservative and thus, additional stopping rule designed specifically 
for the present study would be set arbitrarily. The additional rule that "prunes" back the tree 
would ensure the results to be informative and would be discussed in the part of 'the criteria in 
obtaining informative results'. 
Misclassification rates for the final tree are generally calculated by predicting the 
categories for the same data that were used to construct the tree. It can be explained by the 
following hypothesized case: At a node (say node 2) where a majority ofparticipants in the 
expert category takes a greater proportion (say 80% in node 2)，the node is thus named as 
‘expert category' because of i t s greater share. However, it should be noted that the node is not 
. 22 
Practical Intelligence and Tacit Knowledge 
pure (i.e. 100% represented by the expert category), there is still a minority ofparticipants in 
the novice category (20% in node 2) belongs to the node. This group of participants is 
considered as 'misclassified' by the node. The misclassification rate at node 2 is 20%. 
One thing should be noted is that the estimates of misclassification rates, referred to as 
resubstitution error rates, usually underestimate the true error rate. Therefore, we also used the 
A>fold cross-validation method. The method is used to provide unbiased estimates of the 
misclassification rates of the candidates subtrees, and to identify the most complex subtree that 
minimizes the cross-validated misclassification tree. Cross-validation is a sample reuse 
method that provides an estimated of the accuracy of a given classification tree had the 
classification rules been applied to similar but independently obtained expert-novice sample 
(Clark & Pregibon, 1992). To apply this technique, the data set is randomly partitioned into 10 
subsamples, each containing 10% of the participants. The first 10% partition o f the original 
data set is set aside, and a new classification tree is generated using the remaining 90% of 
participants (Clark & Pregibon, 1992). The 10% validation sample is run down the new tree, 
and the misclassification (resubstitution error) rate is calculated. This process is repeated for 
all 10 validation partitions, and an average of the misclassification rates for all 10 partitions 
gives a 10-fold cross-validated and unbiased estimate o f the overall misclassification rate for 
each candidate subtree. This approach balances the trade-off of complexity (i.e. numbers of 
classifying subsets) in the final tree while striving to minimize the overall misclassification 
rate. 
The criteria in 0btainin2 informative results 
The objective of constructing the tree-based models is to indicate the informative 
differentiation among different categories, i.e. to tell which category considers a certain 
response item as more appropriate. An example ofinformative results is: there is an item that 
separates the original observations into two nodes. Node 2 indicates more individuals in the 
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expert category rank the item as V' and 2"^  as the respective probabilities ofnovice and expert 
categories in one node 10% and 90% (say, out of 30 observations in node 2); while node 3 
indicates more individuals in the novice category rank the item as 3 ' � 4 出 and 5山’ with the 
respective probabilities of 80% and 20% (say, out of 43 observations in node 3). The ranking 
pattems at these nodes are regarded as ‘concordant’ because we can allocate the two categories 
to the two poles respective along a continuum called the item-appropriateness. The results are 
informative in the sense that it can tell that the expert category tend to consider the item as more 
appropriate whereas the novice category tend to consider the item as less appropriate. 
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Fig 1: Concordant ranking patterns 
More ^ 一 Least 
appropriate P' 1^ yd 4u, 5th appropriate 
K ^ ^ ^ ^ 
90% from expert 80% from novice 
category category 
In contrast, a result that cannot tell which category considers a certain item as more 
appropriate or not is not informative to the present study. An example: a subtree constructed by 
a predictor variable that separates two nodes - with one node indicating 90% out of the 30 
observations that ranks the item as 1'' and 4'^  comes from the expert category, with another 
node indicating 80% of 43 observations comes from the novice category that ranks it as T^ and 
5th- would not be considered as informative. These ranking patterns are called as ‘discordant， 
data, as both categories are located at the two poles of the continuum of item-appropriateness. 
Fig 2: Discordant ranking patterns 
80% from novice 
y^a tegory \ 




|s> 2™* 3rd 4 th 51h 
\ z 
90% from expert 
category 
In the present study, the arbitrary stopping rule that determines the ‘travel, of the 
splitting is: partitioning would continue if the split o f the subtrees shows concordant ranking, 
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and would stop once the discordant rankings appear at a certain split, bi doing so, we could 
ensure the results to be informative. Furthermore, predictor variables that split out discordant 
ranking would not be considered as informative. 
Other than concordant and discordant ranking, the respective probabilities at a certain 
node could also tell whether the results are informative. Suppose the respective probabilities of 
the novice and expert categories are 80% and 20% at the root node. One of a children nodes 
that has its respective probabilities of80% and 20%, i.e. out ofsay, 30 observations that rank a 
certain item as V' and 2"^ 80% comes from the novice category while 20% comes from the 
expert category. We cannot conclude that there are more individuals in the novice category 
consider the item as more appropriate because the respective probabilities are too close to the 
base rate. The differentiation is not informative as it may due to random effect. In short, the 
more dissimilar the respective probabilities of a children node to that ofi ts root node, the more 
informative the differentiation. A predictor variable that has its respective probabilities close 
to the base rate would not be taken as informative. However, partitioning would still continue 
as long as the subsequent splits give informative results. 
By adopting these two criteria, the trees constructed in the present study would be a 
pruned one. It means the 'unqualified' predictor variables would be successively removed or 
"pruned" from the tree in order to ensure that the differentiation among categories are 
informative and explanatory. Besides, as the respective tree-based models constructed for the 
two TKTs will be used as marking keys that categorize candidates in terms of their ranking 
pattems in each response item, a succinct description of data, instead of an exhaustive 
description, is more applicable in practice. Thus, a pruned-tree version, instead of shrunken 
version, is preferred for the present study. 
Brocess of Data AnaIy.^is 
The process of data analysis, from constructing to the tree-based models for both 
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Studies of HR Practitioners and Insurance Agents to transforming the models into marking 
schemes, can be divided into four steps: 
1. Cell analysis - The step aims at selecting an informative predictor variable(s) from each 
scenario for the second step analysis. The step would be done through constructing a 
tree-based model for each scenario and selecting the informative variables based on the 
two criteria of concordant ranking and base-rate proximity stated above. 
2. Combined tree analysis - In a certain TKT, the informative predictor variables selected by 
cell analyses would be combined to construct a tree-based model that classifies the 
response variables (i.e. different categories) with their overall ranking patterns. Like the 
practice in cell analysis, the two criteria in obtaining informative results would be applied 
to selecting the informative split(s) of the combined tree. Cross-validation would also be 
run in order to minimize the overall misclassification rate of the combined tree. 
3. Final Tree construction 一 the results obtained from combined tree analysis and cross-
validation would be used as key references in constructing the fmal tree, a modified 
version of the combined tree. 
4. Practical Application of the tree-based model -
The tree-based models developed in the third stage could not be used as the marking 
scheme for the TKT. It was mainly due to the fact that the tree-based models could only 
indicate the prediction rules for certain categories, but could not specify the likelihood of 
an individual ofbeing a member of a category when s/he falls into a certain node. As a 
result, Bayes Theorem and the odds analysis would be conducted in order to transform the 
tree-based models into marking scheme. 
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Study 1: HR Practitioners 
Methodology 
Participants 
There were two types of participants, the current HR practitioners and undergraduates 
students, totaling 87 individuals in all. 
(1) 35 HR practitioners who were now working in China-Light & Power Company 
(CLP) participated in the study on voluntary basis. They were divided into three groups 
(groups 1，2 & 3). Each group was required to participate in the subsequent steps and their 
responsibilities would be discussed later. The grouping of participants was based on the 
participants' ratings in the performance appraisals in the fiscal year of 1997. 7 participants 
who attained relatively higher performance ratings in that year were grouped as Group 1. They 
were high-performers (theoretically, the experts who excelled in jobs). 7 average (or below) 
performers who attained average or low performance ratings in that year were grouped as 
Group 2. 
The rest of 21 participants were grouped as Group 3. There were 6 males and 15 
females. Included were Human Resources Managers, Senior Human Resources Officers and 
Human Resources Officers. Among them, there were high-performers and average performers. 
This group of participants was classified as the expert category as they were assumed to have 
higher level of expertise in the profession. 
(2) 52 undergraduate students who were taking the introductory course to General 
Psychology in the Chinese University ofHong Kong participated in the study in order to eam a 
credit for the course. There were 13 males and 39 females. This group was classified as the 
novice category as they had the lower level of expertise in the HR profession. 
Materials: Measures of Tacit Knowledge for HR practitioners (HR TKT) 
The HR TKT consisted of eleven work-related scenarios encountered by the HR 
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practitioners. The first ten scenarios consisted of five response items while the eleventh 
scenarios consisted of six items. Please refer to Appendix I for the Test. In each scenario, the 
available response items were to be ranked according to their appropriateness in handling the 
scenarios. In a scenario that had 5 response items, a response item that was considered as the 
most appropriate would be put at the first rank while an item that was least appropriate would 
be put at the fifth rank. 
Development of Materials 
The development of HR TKT comprised two phases: 1) the construction phase - to 
develop a TKT tailor-made for the HR practitioners in CLP. 2) the verification phase - to 
verify each of the response items in the test and identify the ones that informatively 
� differentiate the experts from novices, and to develop a marking scheme guiding recruiters in 
TKT selection. 
1. Construction Phase 
First step: Tapping Incidents and Responses 
1) Lecturing EPS Analysis 
A presentation concerning the Tacit Knowledge and EPS Analysis was given to groups 1 and 2 
participants. 
2) Tapping critical incidents: 
At the end of the presentation, participants were asked to contribute critical incidents they have 
encountered before by scheduling a 2-hour individual focused interview with the experimenter. 
To prepare for the interview, participants were asked to think about their work-related problems 
according to the EPS Analysis. In addition, they were required to think of the following 
questions: 
> Since you have taken this position, what work-related incident(s) that you encountered 
is/are the most difficult to handle? And what are your responses? 
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> What makes you stand out from the crowd? Please describe a work-related incident 
which best demonstrate that your competence that enables you to outperform others. 
3) After the focused interviews were conducted, experimenter organized and wrote the real-
life incidents into simplified scenarios. 
4) Tapping responses for each scenario: 
A 1.5-hr individual trial-test interview was conducted to ask for the possible responses of 
each participant in groups 1 and 2 in dealing with the incidents. The reason why we 
tapped responses from the two types of performers was to make sure that the responses 
listed in the test came from both expert and novices, and the tacit knowledge that reflected 
from the responses are thus of different kinds. Apart from tapping responses, the aim of 
this sub-step was to examine the discriminating power of the scenarios. Scenarios that 
had dissimilar responses from both high- and average-performers would be considered as 
potentially discriminating, while those had similar response across different participants 
would be considered as potentially non-discriminating. 
Second step: Formulating the Tacit Knowledge Test 
Experimenter formulated the HR TKT by organizing and revising the scenarios and 
responses (please refer to Appendix I for the Revised Version of HR TKT). The potentially 
non-discriminating scenarios would be dropped from the Revised Version. 
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2. Verification Phase 
Design & Procedure 
The HR TKT was emailed to the participants in group 3 (i.e. expert category) and 
distributed to the undergraduate students (i.e. novice category) in small-group settings where 
they were administered. 
The test revision received by the participants was renamed the HR TKT as "Career 
Orientation Assessment of Human Resources Professionals" (COAHRP) which ostensibly 
aimed at assessing their career orientation. The renaming aimed at minimizing the possible 
confusion that might otherwise arise when the participants encountered an unfamiliar term of 
‘Tacit Knowledge'. The HR TKT consisted of an instruction page followed by eleven work-
related scenarios. In the instruction page, participants were required to imagine themselves as 
a HR officer in ABC Co. This manipulation aimed at freeing the CLP participants from the 
CLP context, helping them to imagine the scenarios are happening in a new context so as to 
control the effects of past memories or company culture that may otherwise affect their ranking 
patterns. At the bottom of the page, there was an organizational chart of ABC Co. that 
specifying the assigned roles and positions of the participants. The chart was similar to that of 
CLP. The instruction page was followed by eleven scenarios written in the construction phase. 
The order ofthe scenarios was randomized across participants. All participates were advised to 
spend approximately 30 min to complete the tests. After completing the test, the participants 
were debriefed thoroughly. 
Tree-hased Modeling 
Tree-based Modeling, that used the classification tree algorithm to screen the each of56 
response items (i.e. predictor variables) to see which would best classify observations into a 
particular category, was adopted in the data analysis. The analysis was to build an inverted tree 
structure with the root node at the top and with the original observations represented as vector 
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Yo = (52,21) [i.e. (71%,29%) in percentage that respectively represents the 52 individuals in 
novice category and 21 individuals in the expert category]. 
The analysis proceeds by recursively partitioning the participants into novice or expert 
categories based on a series of dichotomous splits from each response item. Partitioning 
started after evaluating each predictor variable for its potential to separate novice category 
from the expert category: the variable that resulted in the purist division of the novice and 
expert categories among all 73 participants was selected as the best predictor for the first 
branch of the tree. The recursive partitioning procedure was then repeated for each of the two 
sub-groups that resulted from the first split, again searching all cut-off points of each variable 
to find the variable that gave the separation of novice and expert categories. The process was 
repeated for subsequent descendant groups until no further partitioning was feasible because 
the change in deviance function for the potential split would be getting too small as there had 
fewer participants remained. Despite the default criteria in S-PLUS, it should be noted that the 
process of partitioning would be intervened by the criterion of 'concordant ranking' set 
specifically for the present study. 
Erocess of Data-Analym 
After collecting the data from the two categories of participants, cell analyses were first 
run to select the predictor variables (x) that informatively separate the two categories (j;,,j^J in 
HR TKT. The second step was to combine those selected predictor responses in constructing a 
classification tree that informatively classified the two categories with their overall ranking 
patterns. Cross-validation was also conducted to examine the overall misclassification rates. 
The results obtained from combined-tree and cross-validation were used to construct a 
modified-cornbined tree. To transform the tree of HR TKT into marking scheme, the odds 
analysis was conducted to specify the likelihood of a candidate ofbeing a member in the expert 
or novice category given his/her ranking patterns to the informative predictor variables. 
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Results 
The results were presented in the following way: all the informative predictor variables 
selected by the cell analyses were presented in the main text. For each of their elaborated result 
description, please refer to Appendix 11. 
Sum-up of Cell Analyses of Questions 1 to 11 
Q1.2 was selected as the only informative predictor variable in question 1. bi the 
scenario of preparing for an urgent report, the results showed that more individuals in the 
expert category considered the response item - ‘Ask your colleague to show you the method 
and do the analysis yourself - as relatively inappropriate; whereas more individuals in the 
novice category considered the item as more appropriate. In question 3 where a scenario of 
handling the departmental conflict in times of restructuring was described, only Q3.4 was 
selected as informative predictor variable. It showed that more individuals in the expert 
category considered this response item — "Ask Departments A and B to compromise a transfer 
ofstaffby phase" - as appropriate; whereas more individuals in the novice category considered 
it. 
In question 6 where a scenario ofhandling the negative comments concerning the new 
medical care program was described, only Q6.3 was selected as informative predictor variable. 
It showed that more individuals in the expert category considered the response item - "Ask the 
vendor to investigate the complaints and propose a solution" - as more appropriate while more 
individuals in the novice category considered it as less appropriate. In question 8 where a 
scenario of stubborn managerwho refuses tojoin yourworkshop was described, Q8.3 and Q8.2 
were selected as informative predictor variable. The results of Q8.3 indicated that more 
individuals in the expert category considered this item - "Inform his boss and let him decide 
what to do" - as a more appropriate solution; whereas more individuals in the novice category 
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considered it as less appropriate. The results of Q8.2 indicated that more individuals in the 
novice category considered the item - “Get all the Department Heads together and let the 
believers influence him" - as a more appropriate solution. In question 9 where a scenario of 
handling a request from an injured worker was described, Q9.2 and Q9.4 were selected as 
informative predictor variable. The results of Q9.2 indicated that as more individuals in the 
expert category considered the response item - 'Explain the company policy to the family and 
the problem in making exception. If they insist on a first-class room, they can do so by paying 
the difference' - as the least appropriate. The results of Q9.4 indicated that more individuals in 
the novice category (approximately 82% at node 4) considered the item - ‘Ask the doctor to 
justify the request on medical ground’- as more appropriate. 
Combined-Tree Construction 
After examining the classification trees of each scenario, we proceeded to the second 
stage whence all previously selected predictor variables were combined to construct a tree for 
the test as a whole. Seven predictor variables Q1.2, Q3.4, Q6.3, Q8.3, Q8.2, Q9.2 and Q9.4 
were put together in constructing the tree. The shrunken classification tree for predicting 
novice and expert categories was as below and the plot of tree was showed in Fig 3. 
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node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 72 85.08 0.72 0.28 
2) Q1.2 1,2 62 57.96 0.82 0.18 
4) Q8.3 1,2 10 13.86 0.50 0.50 
8) Q9.2 2,4 5 5.004 0.20 0.80 * 
9) Q9.2 1,3,5 5 5.004 0.80 0.20 * 
5) Q8.3 3,4,5 52 37.19 0.88 0.12 
10) Q3.4 1 19 21.9 0.74 0.26 
20) Q6.3 2,3 10 13.86 0.50 0.50 
21) Q6.3 1,4,5 9 0 1.00 0.00 * 
11) Q3.4 2,3,4,5 33 8.962 0.97 0.03 
22) Q8.2 3 5 5.004 0.80 0.20 * 
23) Q8.2 1,2,4,5 28 0 1.00 0.00 * 
3) Q1.2 3,4,5 10 6.502 0.10 0.90 
6) Q8.2 3,4 5 0 0.00 1.00 * 
7) |Q8.2 ^ 5 5.004 0.20 0.80 * Tab| 
e 1.12: A shrunken tree-based model for predicting novice and expert people with all 
informative responses 
Insert Fig. 3 
Q1.2 was selected as the predictor variable of the first split based on the maximum 
change in deviance (20.618). The split partitioned the 73 observations into groups of62 and 10 
individuals (nodes 2 and 3), depending on whether they ranked this item as the V' and 2^ 
appropriate solution or the 3'^ 4山，and 5山 appropriate. The differentiation was particularly 
strong as expert category represents 90% proportion in node 3. 
Node 2 further split into nodes 4 and 5 on Q8.3 based on the maximum change in 
deviance (6.91). The 73 observations were subdivided into groups o f l O and 52, depending on 
whether they ranked Q8.3 as the 1'^  and 2"^  appropriate solution or the 3 ^ 4出，and 5山 
appropriate. At node 4，both expert and novice categories shared h a l f o f t h e group of 10. In 
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Spite of it, the result was interpreted as more individuals in the expert category considered the 
item as more appropriate as its probability in this node (50%) was much higher than that in root 
node (28%). 
As partitioning continued, node 3 further split in nodes 6 and 7. However, the split was 
not informative because of the discordant ranking. Thus, there was no need to further the 
partitioning. The same case also happened in nodes 8 and 9 that split from node 4. 
On the other hand, the split of nodes 10 and 11 from node 5 that based on the maximum 
change of deviance (6.328) was informative. Q3.4 partitioned node 5 into two groups with 19 
and 33 individuals respectively (nodes 10 and 11)，depending on whether they ranked this item 
as the V^  appropriate solution or the 2"^ ' 3 ' �4出， a n d 5^ ^ appropriate. The respective probabilities 
of novice and expert categories showed that more individuals in the novice category took a 
higher probability in both nodes. Its probability was particularly high at node 11 where it 
represented approximately 97%. 
Nodes 10 and 11 further separated into nodes 20 and 21; and nodes 22 and 23 
respectively. However, the discordant ranking of both pairs of split indicated no informative 
differentiation. Therefore, no further partitioning was needed. 
To sum up, three informative predictor variables Q1.2, Q8.3 and Q3.4 were kept in the 
combined tree while the rest were arbitrarily ‘pruned，from the tree. Up to this stage, the 
analysis was suggesting a four-node tree required three predictor variables to discriminate the 
expert and novice categories. 
The results of cross-validating the shrunken combined tree were showed in Fig. 4. It 
indicated that the lowest deviance was found in one-node tree. The deviance increased 
modestly in trees with two to four nodes, and kept increasing from five to eight nodes. 
Insert Fig. 4 
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The plot suggested a one-node tree for its lowest deviance (with the value of 100). 
However, a tree required no predictor variable to discriminate between the two categories 
would not be informative at all. Therefore, we re-ran the cross validation, specifying the range 
from one node to four nodes because a four-node tree was suggested by the combined tree 
analysis. The results shown in Fig. 5 indicated that the four-node tree had the second lowest 
deviance (with the value o f l l 6 ) second to one-node tree, while the two-node and three-node 
trees had a much higher deviance. The difference in deviance between the one-node tree and 
the four-node tree was relatively small (with the value of 16). It suggested the ‘cost，of 
forgoing the one-node tree in obtaining informative results was quite low. “ 
Insert Fig. 5 
The resultant four-node tree that required three predictor variables was showed in Fig. 6. 
The plot indicated two prediction rules ofbeing an expert: 
1. Individuals who rank Q1.2 (Ask your colleague to show you the method and do the 
analysis yourself) as the 3 ' �4出， a n d 5^ '' appropriate. 
OR 
2. Individuals who rank Q1.2 and Q8.3 (Inform his boss and let him decide what to do) 
as the V^  and 2"^  appropriate. 
And two prediction rules for being a novice: 
1. Individuals who rank Q1.2 as the 1" and 2"^  appropriate, Q8.3 as the 3'^ 4^, and 5^ 
appropriate and Q3.4 (Ask Departments A and B to compromise a transfer ofstaff 
by phase) as the 1 st appropriate. 
OR 
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2. Individuals who rank Q1.2 as the V' and 2"^  appropriate, Q8.3 as the 3'^ 4山，and 5'^  
appropriate and Q3.4 as the 2"^ 3'^ 4' \ and 5'^  appropriate. 
The misclassification rate was 1/10 and 5/10 for the first and the second prediction rule 
for experts, respectively. The misclassification rate was 5/19 and 1/35 for the first and the 
second prediction rule for novice, respectively. 
Insert Fig. 6 
Practical Application of TKT of HR Professionals 
The ultimate purpose of data analysis was to develop a marking scheme for the HK 
TKT. The results showed by the tree-based models were only a preliminary data analysis. The 
tree per se was not a marking scheme as it could not specify the likelihood of a potential 
candidate of being an expert or novice given his/her ranking at the informative predictor 
variables. Given the limits of the tree-based modeling, the odds analysis was employed to 
transform the results into marking scheme that provided assessment guidelines to the recruiters. 
Besides, with the odds analysis we could pinpoint the item with the greatest discriminating 
power and calculate the selection ratio of the TKT. 
The odds analysis began by examining the resultant tree node by node: 
Q1.2 for the first node - our focus in this node was on the right branch as it was the 
terminal node. Bayes Theorem was first adopted. For an elaborated description of the 
computation, please refer to Appendix III. The computation results showed that the probability 
of a candidate who ranked Q1.2 as either the 3'^ 4山 or 5'^  appropriate ofbeing an expert was 
0.429*P(Expert)/P(Ql .23^ 4''s'0 while the probability ofacandidate who ranked Q1.2 as either 
the 3rd，4th or 5th appropriate ofbeing a novice was 0.019*P(Novice)/P(Q1.23-4*5^). The odds of 
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experts relative to novices was: 
0.429 P(Expert.) 
0.019 X P(Novice) 
As so far no reference had been found to determine the absolute values of the initial 
probabilities of people currently working in the HR industry in the population, i.e. P(expert 
category), and people not working in the HR industry in the population, i.e. P(novice category), 
both values remained unknown. A 'R' was given to represent P(expert category) divided by 
I 
P(novice category). As a result, the odds of experts relative to novices at the right branch of 
Q1.2 was 22.3R. 
Having said that, the reference provided by the ‘Hong Kong 1996 Population by-
Census, Main Report，gave an approximate estimate of P(expert category). In 1996, people in 
Hong Kong who were working in the HR-related jobs, including HR officers, administrative 
and managerial staff, were about 30%. Corresponding, the estimate of P(Novice) was 70% 
(which was equal to 1-P(Expert)). Given that, the approximate estimate o f R w a s 0.43. 
If we refer to the approximate estimate o f R , the odds became 9.59. It meant that the 
likelihood of candidate who ranked Q1.2 as either the 3 ' � 4 ' ^ or 5'^  appropriate of being an 
expert is more than nine times larger than the likelihood ofbeing a novice. 
Q8.3 for the second node — our focus in this node was on the left branch as it was the 
terminal node. According to the Bayes Theorem, the probability of a candidate who ranked 
Q8.3 as either the V^  or 2"^  appropriate of being an expert was 0.24*P(expert 
category)AP(Ql .23'V5%Q8.3i"2^), while the probability of a candidate who ranked Q8.3 as either 
the r ' or 2"d appropriate ofbeing a novice was 0.096*P(novice category) /P(Q1.23W,Q8.3r 
2,d). The odds of experts relative to novices was 2.6R. 
If we refer to the approximate estimate of R, the odds became 1.118. It meant that the 
likelihood of candidate who ranked Q1.2 'as either the 3 ' � 4 ' ^ or 5^ ^ appropriate of being an 
expert is one time larger than the likelihood ofbeing a novice. 
Q3.4 for the third node — Although the two terminal nodes at this node were named as 
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novice category, we can tell which node is more likely to be a novice by comparing their odds. 
For the left branch, the probabilities of a candidate who ranked Q3.4 as the r ' appropriate 
solution ofbeing an expert was 0.238*P(expert category) /P(Q1.23^4V,Q8.33-4V,Q3.4i-), while 
the probability of a candidate who indicated the same rank for Q3.4 of being an expert was 
0.269*P(novice category)/P(Q1.23^4'^5%Q8.33^4'V,Q3.4r). The odds of experts relative to 
novices was .885R. If we refer to the approximate estimate o fR , the odds became .381. 
For the right branch, the probabilities of a candidate who ranked Q3.4 as either the 2" ,^ 
3rd，4th，or 5th appropriate solution of being an expert was 0.048*P(expert category) 
/P(Q1.23W,Q8.33^4'S%Q3.42^3^4'^ 5'0, while the probability of a candidate who indicated the same 
rank for Q3.4 of being an expert was 0.615*P(novice 
category)/P(Q1.23^4^5%Q8.33^4''5%Q3.42~'3''4'S'^ ). The odds of experts relative to novices was 
0.077R. If we refer to the approximate estimate o fR , the odds became .033. 
In comparing the two branches, we could conclude that it was less likely for candidates 
who ranked Q3.4 as the P' appropriate solution to be a novice than candidates who ranked D2 
as the 2"', 3^^ 4"�and 5'' appropriate solution. 
Fig. 7 showed the marking scheme of HR TKT, which was a transformed version of 
tree-based models. It showed that the likelihood of being an expert was the greatest for 
candidates who ranked Q1.2 as the 3 ' � 4 ' ^ or 5"' appropriate solution. The likelihood ofbeing 
an expert dropped sharply for candidates who ranked Q1.2 as the r ' or 2"^  appropriate, and 
ranked Q8.3 as the 1'' or 2"^  appropriate. 
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Insert Fig. 7 
On the other hand, candidates who ranked Q1.2 as the r ' or 2"^  appropriate, Q8.3 as the 
3rd，4th，or 5th appropriate and Q3.4 as the 1'^  appropriate, were less likely to be a novice than 
candidates who ranked Q1.2 as the 1" or 2"^  appropriate, Q8.3 as the 3^, 4^, or 5'^  appropriate 
and Q3.4 as either the 2"^ 3'^ 4出，or 5'^  appropriate. The results best demonstrated the 
importance of conducting the odds analysis. Given no odds analysis, item Q3.4 was considered 
as non-discriminating. We could simply take those candidates who fall into the third node as 
novices. After the analysis had been conducted, we were able to make a more specific 
distinction between the candidates in the respective branches. 
Based on the odds analysis, we could compute the hit rate, false alarm rate and selection 
ratio of the test. For elaborated descriptions of the three computations, please refer to 
Appendix rV. As Q1.2 was the most discriminating item in the test, it became the sole item 
included in the computation. The computation results showed that the hit rate of the HR TKT 
was 0.429 while the false alarm rate was 0.019. It indicated that the test was high in 
diagnosticity, as its hit rate was more than twenty times larger than its false alarm rate. On the 
other hand, its selection ratio was .137. It indicated that about 14 out of 100 candidates would 
rank Q1.2 as either 3'�4^^ or 5^\ The test was thus considered as highly selective. 
Despite the selection ratio, the ways of utilizing the marking scheme are different in 
different recruitment contexts. Suppose there is a recruiter who plans to select 10 individuals 
with the TKT. After the test completion, he finds out that only 5 individuals from the candidate 
pool indicated the expert-like responses in the most discriminating item (i.e. ranking Q1.2 as 
either 3'^4"' or 5山 ) .H o w can he select the other 5 candidates in order to fill out the quota? He 
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can assess the rest of candidates with their ranking in Q8.3. According to the marking scheme, 
he can select those who rank Q1.2 and Q8.3 as r ' and 2"^  appropriate. Suppose now there is 
less than 5 candidates who indicates such response patterns, the recruiter can further assess the 
rest of candidates with their ranking in Q3.4 and select those rank the item as the 1^ ' appropriate 
solution for they are less likely to be a member of the novice category. 
In another situation where 6 candidates indicate the expert-like answers while the 
recruiter plans to select 3 only, the 6 individuals can be selected and then required to undergo 
further rounds of assessment that trim down of the selection to 3. 
Discussion 
The above discussion of practical application suggested that two response items (i.e. 
Q1.2 and Q8.3) in two respective scenarios informatively differentiated people with different 
levels of expertise in the HR profession. The post-hoc explanations concerning the two 
scenarios are as follows: 
1) As comparing to the novice category, individuals in the expert category tended to 
rank the item ‘ask her to show you the method and do it yourself as a less appropriate solution 
to handle the critical incident of ‘Urgent Report，. The post-hoc explanation of such difference 
is that people who have higher level of expertise in the HR profession is well aware of the 
situational constraints underlying the scenario. When they encounter the problem, they may 
automatically think the relevant situational constraints that often go with the problems, such as 
-‘there must be lots of materials for me to prepare for tomorrow's presentation. Taking several 
hours to leam the complicated data analysis would mean sacrificing the quality of other 
materials that may otherwise be handled well by myself. 
- ‘ i t would take longer time for the colleague to show me the method than complete it herself, 
so she may decline my suggestion of teaching me the method，. 
But on the contrary, people with lower level of expertise in the HR profession may not 
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be aware of the situational constraints. They may underestimate the time allowed for learning, 
the sophistication of the data analysis in relation to one's learning ability, and the level of 
involvement the colleague would engage in if showing them the method. As a result, the 
solution was considered as appropriate in the eyes of the novices. 
The critical difference in appropriateness consideration between the two categories 
reflects that both of them possess different kinds of tacit knowledge that determine their 
choices of appropriate solution. More individuals in the expert category may have encountered 
situations similar to the present scenario before and have leamt that other constraints that may 
go with it, though not listed in the scenario, should also be considered in deciding the most 
appropriate action to handle the problem. What they have leamt from experience constitutes a 
kind of tacit knowledge, that helps them generating related situational constraints for each 
solution-option, guide them choosing the most appropriate one, and consequently be reflected 
in their choices of actions. 
2) As comparing to the novice category, more individuals in the expert category 
considered the item ‘inform his boss and let him decide what to do' as a more appropriate 
solution to handle the uncooperative manager. The post-hoc explanation is that people with 
higher level of expertise in the HR profession may consider the problem call for the last resort: 
informing the boss of the uncooperative manager. Those persuasion-oriented solutions, such 
as 'spending time with him personally... and gain his belief and 'get all the department heads 
together and let the believers influence him', albeit being appealing, are not practical in solving 
the urgent problem. Therefore, most of them resorted to the relatively ‘forceful’ solution that 
pushed the stubborn manager to meet the deadline. In contrast, people with lower level of 
expertise in the HR profession may not aware of the urgency of the problem, thus consider the 
forceful solution as less appropriate. 
The results showed only a few out of the 56 predictor variables were informative. 
Numerous scenarios did not have any informative predictor variables. The ‘useful-few’ results 
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may due to the grouping method on the expert category. In this category, there were 
individuals with different positions and different performance levels. Some might be high/low 
in rank and high/low in performance level. Others might be high in rank but low in 
performance level as comparing to the norm in that rank, and the opposite might also be true. 
These possible differences indicate that people grouped in the category would have different 
levels of expertise and thus, possess different kinds of tacit knowledge. It in tum lead to 
different choices of solutions in solving problems. This possible within-group difference that 
was not controlled in the study is plausible to explain why discordant ranking patterns (i.e. 
some individuals in a category ranked a certain response item as more appropriate while others 
in the same category ranked it as less appropriate) came up frequently in the tree-based 
analysis. 
One should also note that because of the limited number of subjects in this study, only 
two groups with different levels of expertise in HR occupation were categorized, the current 
HR practitioners and the undergraduate students. It might be possible that the HR TKT 
actually discriminated people who had more working experience from those who had nil 
working experiences. Future research can overcome this confounding factor by including the 
people who have no (or less) HR experiences but with working experience in the sample. 
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Study 2: Insurance Agents 
Methodology 
The objectives of conducting study 2 were first: to see whether the novice-expert 
difference in tacit knowledge could be found in anotherjob context; second: to overcome one 
of the confounding factors in Study 1 by making a more distinct categorization of people in 
terms of their levels of expertise 
Participants 
There were two types of participants, the current insurance agents and undergraduates 
students, totaling 210 individuals in all. 
(1) 18 insurance agents working at the Aetna Insurance Company were invited to 
participate in the study on voluntary basis. 4 of them were managers, 6 were senior agents and 
8 were junior agents. They were grouped as group 1. 
On the other hand, all insurance agents (119 in total) now working at an agency in 
National Mutual Insurance Company (NM) were also invited to participate in the study on 
voluntary basis. 11 of them were screened out from the participant-list because some of the 
information they indicated were void data. As a result, 108 were left and grouped as group 2. 
Among them, 66 were males and 42 were females. Their ages ranged from 19 to 49，with an 
average age of30.7. The range of years of experience in NM was 3 months to 11 years, with an 
average of 3.2 years. Some staff were in junior ranks, such as insurance consultant and 
management executive; and senior ranks, such as business sales manager, while others were in 
superior rank, such as senior sales manager and branch manager. The current rank distribution 
of the participants was listed in Fig. 8. 
All of the participants were categorized into two groups according to their promotion 
rates. The promotion rate was calculated by comparing their current and entry ranks. We 
45 
Practical Intelligence and Tacit Knowledge 
divided the rank difference by their years of service in National Mutual. Those had their 
promotion rate larger than 0.5, i.e. on average they are promoted up 1 rank in every 2-year, 
were categorized as the expert category. They were considered as having higher level of 
expertise ofbeing an insurance agent. Those had their promotion rate smaller than 0.5 were 
categorized as the average-performer category. They were regarded as having lower level of 
expertise ofbeing an insurance agent. After categorization, 33 individuals were in the expert 
category while 80 were in the average-performer category. 
Insert Fig. 8 
(2) 79 undergraduate students who were taking the introductory course to General 
Psychology in the Chinese University ofHong Kong participated in the study in order to eam a 
credit for the course. There were 20 males and 52 females. Their ages ranged from 18 to 22， 
with the average age of l9.5. They were grouped as group 3. This group was classified as the 
novice category as they had the least working experience in insurance industry. 
Materials: Measures of Tacit Knowledge for Insurance Agents 
The TKT consisted of six work-related scenarios commonly encountered by the 
insurance agents. The first scenario required participants to give the percentage oft ime they 
would spend in each of the activities available in the question, while the rest of scenarios 
required participants to rank the six response items according to their appropriateness in 
handling the scenarios. A rank of ‘ 1，was given to the response item that was considered as the 
most appropriate, while a rank of ‘5，was given to the item that was the least appropriate. 
Please refer to Appendix V for the Test-version presented to the group 2 participants. 
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Development of Materials 
Similar to study l , the development ofInsurance Agents TKT comprised two phases: 1) 
the construction phase - to develop a TKT tailor-made for the Insurance Agents. 2) the 
verification phase - to verify each of the response items in the test and identify the ones that 
informatively differentiate the experts from average-performers and novices, and to develop a 
scoring scheme guiding recruiters in TKT selection. 
1. Construction Phase 
First step: Tapping Incidents and Responses 
1) Participants in group 1 were invited to attend a workshop concerning the EPS analysis. 
After the presentation, participants were asked to work on the EPS analysis by first 
identifying as many critical factors as possible from each of the three dimensions that 
determined theirjob successes and failures. 
2) Participants were then asked to select two most critical factors from each dimension. 
Altogether there were eight critical factors. For each selected factor, participants were 
required to describe a critical incident they had encountered before that best demonstrated 
the factor's importance. Altogether there were eight critical incidents. In writing the 
incidents, the participants were required to describe its background, how it happened, and 
its positive and negative consequences. 
3) Experimenter organized and revised the collected incidents. Totally, there were eight 
scenarios in the first draft ofTKT of insurance agents. 
4) Two weeks after the previous workshop, participants were gathered again in another 
workshop. They were categorized into groups according to the total amount ofinsurance 
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sales in the year of 1997. Those who achieved higher amount of sales were grouped as 
experts, those with average amount were grouped as average performers, and those with 
relatively low amount were grouped as low performers. 
5) Each group was presented with the first draft of TKT. They were asked to discuss their 
possible solutions to each of the scenarios and write down their discussion results in 
response-sheets. 
Second step: Formulating the Tacit Knowledge Test 
Experimenter collected all response-sheets. Scenarios that generated different 
responses from groups with different levels of expertise were retained in the TKT while those 
that generated similar response from groups were dropped from the test. After revision, six 
scenarios were left in the TKT of the insurance agents, each associated with six responses 
(please refer to Appendix V for the Revised Version). 
2. Verification Phase 
Design & Procedure 
The design and procedure were very similar to study 1. 
The Insurance Agents TKT was distributed to the participants in group 2 (which 
consisted of experts and average-performers) and the undergraduate students (i.e. the novices) 
in small-group settings where they were administered. 
The test revision received by the participants was renamed the “Professional 
Orientation Test for Insurance Agents" (POTIA) that ostensibly aimed at assessing their 
professional orientation in the insurance industry. The renaming aimed at minimizing the 
possible confusion that might otherwise arise when the participants encountered an unfamiliar 
term - Tacit -Knowledge. The test version presented to group 2 (i.e. expert and average-
performer categories) required the participants to indicate their sexes and ages, the number of 
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years they have been working in NM, the number of years in the insurance industry, their entry 
ranks and their current rank. The test version presented to group 3 (i.e. novice category), i.e. 
the undergraduate students, only required them to indicate their sexes and ages. In both 
versions, participants were instructed to imagine themselves as the insurance agent who had to 
deal with the six scenarios in the test. The order of the scenarios was randomized across 
participants. All participates were given approximately 15 min to complete the tests. After 
completing the test, the participants were debriefed thoroughly. 
Pata-analysis oftree-basgd modeis 
Due to the nature of tree-based models, it was possible for at least one of the categories 
had its prediction rule not indicated in the tree when three categories were analyzed together 
without division. To avoid this, we divided the three categories into two pairs: the first pair was 
the experts and average performers while the second pair was the experts and novices. The 
division not only allowed each of the categories indicated their own prediction rules, but also 
indicated a more specific differentiation between the two categories in each ofboth pairs. We 
could also find out which predictor variables that informatively differentiating the categories 
from the respective analysis in the two pairs. Given the division, a classification tree that 
informatively separated the two categories in each pair: (y],y2) for the first pair and Ov_y3) for 
the second pair was constructed. 
The process of data analysis of each pair was basically similar to that in the HR study: 
cell analyses for the first step, combined-tree construction for the second step, and modified 
tree for the third step. For the final step of tree transformation, only the final tree of the first 
pair was transformed into scoring scheme. It was because information could be obtained in 
calculating the initial probabilities of experts and average performers whereas no information 
was found for the initial probabilities of novices. The final tree of the second pair was used for 
comparing arid contrasting the tree of the first pair, finding out which predictor variable(s) 
informatively differentiate categories in both pairs. 
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The two criteria of concordant ranking and base rate proximity were used to 
determining the ‘travel’ of partitioning in this study. However, the criterion of concordant 
ranking was not applicable in first scenario as the response items were not put in ranking but in 
percentage. 
The original observations for the first pair were 107 and the respective probabilities 
were 69% for average-performer category and 31% for the expert category. The original 
observations for the second pair were 83 and the respective probabilities were 62% for 
novice-category and 38% for expert category. Since 11 out of the 190 total observations in the 
present study were incomplete (9 participants had not completed all scenarios in the test), the 
number of original observations and the respective probabilities of the two pairs varied slightly 
across scenarios. 
Results 
The results would be presented in the following ways: The elaborated results of each 
cell analysis of question B to F were presented in Appendix VII. A sum-up of the results was 
presented in the main text. Moreover, question A was presented as a separate section from 
question B to F. 
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The first pair: The Experts & Average-Performers (y^, y^) 
Cell Analysis & Cross-validated Tree of Question A 
Question A � T i m e allocation 
The question required participants to imagine themselves as a new insurance agents 
who is planning his first three months over the ten activities provided. The cross-validated 
classification tree indicated that three items A4, A5 and A1 informatively differentiated 
individuals in the average-performer and expert categories. 
Fig. 10 indicated three prediction rules ofbeing an expert: 
1. Individuals who allocate more than 32.5% of time to A4 (the activity of 'contacting 
new customers'). 
OR 
2. Individuals who allocate less than 32.5% of time to A4 and less than 4% of time to 
A5 (the activity of 'actively engage in big team projects') 
OR 
3. Individuals who allocate less than 32.5% of time to A4 and more than 4% of time 
to A5, and more than 22.5% of time to A1 (the activity of 'acquiring knowledge 
about the company product') 
And one prediction rule for being an average performer: 
1. Individuals who allocate less than 32.5% of time to A4 and more than 4% oftime to 
A5, and less than 22.5% oftime to A1 
The misclassification rate was 1/5 for the first prediction rule for experts, 10/19 for the 
second rule and 3/8 for the third rule. The misclassification rate for the only prediction rule for 
average performer was 13/67. 
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Insert Fig. 10 
Sum-up of Cell Analyses of Question B to F 
C1 was selected as informative predictor variable in question C where a scenario of 
handling an unsatisfied client was described. The results indicated that more individuals in the 
expert category ranked the item - 'explaining the importance of insurance' - as more 
appropriate whereas more individuals in the average-performer category ranked the item as the 
least appropriate. In question D where a scenario ofhandling some suspected competitors was 
described, D2 and D4 were selected as informative predictor variables. The results of D2 
indicated that more individuals in the average-performer category ranked the item — 'ask the 
client to try your products first’ - as more appropriate whereas more individuals in the expert 
category ranked the item as less appropriate. The results o fD4 indicated that more individuals 
in the average-performer category ranked the item - ‘offer a general insurance analysis' - as 
more appropriate whereas more individuals in the expert category ranked the item as less 
appropriate. 
Combined-Tree Construction 
After examining the classification trees of question B to F, we proceeded to the second 
stage whence all previously selected predictor variables were combined to construct a tree for 
the test as a whole. Three predictor variables C1, D2 and D4 were put together in constructing 
the tree. The shrunken classification tree for predicting novices and experts category was as 
below and the plot of the tree was showed in Fig. 11. 
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node no. predictor rank no. of deviance prob of prob of terminal 
variable observations aver. Perf. expert node (*) 
1) root 107 132.2 0.69 0.31 
2) D2 1,2,3 17 7.606 0.94 0.06 
4) C1 1,5 5 5.004 0.80 0.20 * 
5) C1 2,3,4,6 12 0 1.00 0.00 * 
3) D2 4,5,6 90 117.1 0.64 0.36 
6) C1 5 6 7.638 0.33 0.67 * 
7) C1 1.2.3.4.6 84 106.9 0.67 0.33 
Table 2.7: A tree-based model for predicting experts and average performers 
Insert Fig. 11 
D2 was selected as the predictor variable of the first split based on the maximum 
change in deviance (7.5). The split partitioned the 107 observations into groups o f l 7 and 90 
individuals (nodes 2 and 3)，depending on whether they ranked D2 item as the V\ 2"^  and 3'^  
appropriate solution or the 4出,5 '^' and 6'^  appropriate. 
Node 2 and Node 3 were subdivided into nodes 4 and 5, nodes 6 and 7 respectively. 
However, no informative differentiation was indicated in both pairs of nodes because of the 
discordant ranking patterns. Therefore, it was unnecessary to further partitioning their children 
splits. 
The results of cross-validating the shrunken combined tree were showed in Fig. 12. It 
indicated that the lowest deviance was found in one-node tree (with the value of 146). 
However, a tree required no predictor variable to discriminate between the two categories 
would not be informative at all. We arbitrarily select the tree with two nodes because it had the 
second lowest deviance as comparing to trees with more than 2 nodes. The resultant two-node 
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tree after referring to the cross-validating results was shown in Fig. 13. In the figure, it 
indicated the only prediction rule ofbeing an expert: 
• Individuals who rank D2 as 4'h, 5% and 6出. 
And the only prediction rule ofbeing an average performer: 
• Individuals who rank D2 as 1st，2nd, and 3rd. 
The misclassification rate was 1/17 for the right branch and 58/90 for the left branch. 
Insert Fig. 12 
Insert Fig. 13 
Practical Application of TKT of Insurance Agents 
Like the case in study 1，the odds analysis was employed to transform the tree-based 
models into scoring scheme. The odds analysis started by first examining the resultant tree of 
question A: 
A4 for the first node - our focus in this node was on the right branch as it was the 
terminal node. According to the Bayes Theorem, the probability of a candidate who allocated 
more than 32.5% of time to A4 ofbeing an expert was 0.125*P(expert)/P(A4>32.5%) while the 
probability of a candidate who allocated more than 32.5% of time to A4 ofbeing an average 
performer was 0.013*P(average-performer)/P(A4>32.s%). As the current sample of average 
performers and experts was representative of the population, we simply took the respective 
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probabilities of experts (i.e. 31%) and the average performers (i.e. 69%) at the root node as the 
values of P(expert) and P(average-performer). As a result, the odds of experts relative to 
average performers was 4.32. It meant that the likelihood of a candidate who allocated more 
than 32.5% of time to A4 ofbeing an expert was four times larger than the likelihood ofbeing 
an average-performer. 
A5 for the second node - our focus in this node was on the left branch as it was the 
terminal node. According to the Bayes Theorem, the probability of a candidate who allocated 
less than 4% of time to A5 of being an expert was 0.28*.31 /P(A4<32.5%,A5<4%) while the 
probability of a candidate who allocated less than 4% of time to A5 of being an average 
performer was 0.125*.69/P(A4<32.s%,A5<4%). The odds was 1. It meant that the likelihood of a 
candidate, who allocated more than 32.5% of time to A4 and less than 4% of time to A5, of 
being an expert was one time larger than the likelihood ofbeing an average-performer. 
A1 for the third node - the odds ofleft branch was calculated first. The probability o f a 
candidate who allocated less than 22.5% of time to A1 of being an expert was 
0.19*.31 /P(A4<32.5%,A5>4%,A 1 <22.5%) while the probability of a candidate who allocated less than 
22.5% of time to A1 of being an average performer was 0.81*69/ P(A4<32.5%,A5>4%,Al<22.5%). 
The odds of experts relative to average performers was .01. 
For the odds of right branch, the probability of a candidate who allocated more than 
22.5% of time to A1 of being an expert was 0.625*.31 /P(A4<32.s%,A5>4%,A 1 >22.5%) while the 
probability of a candidate who allocated less than 22.5% of time to A1 of being an average 
performer was 0.375*.69/F(A4<32,5%,A5>4%.A 1 >22.5%). The odds of experts relative to average 
performers was .79. 
In comparing the odds of the right and left branch of the third node, it was less likely for 
candidates, who allocated less than 32.5% of time to A4, more than 4% oftime to A5 and more 
than 22.5% of time to A1, to be an average performer than candidates who allocated less than 
32.5% of time to A4, more than 4% of time to A5 and less than 22.5% of t ime to A1. 
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Second, we examined the combined two-node tree that required only one predictor 
variable (i.e. D2): 
The probability of a candidate who ranked D2 as either the V\ 2"^  or 3'^  appropriate of 
being an expert was .03*.31/P(D2i" 2^ 3^ ) while the probability of a candidate who ranked D2 as 
either the V\ 2"^  or 3'^  appropriate ofbeing an average performer was .2*.69//^(D2i"2-3-). The 
odds of experts relative to average performers was .067. The probability of a candidate who 
ranked D2 as either the 4出，5"' or 6'^  appropriate ofbeing an expert was l*.31/P(D24*5'6*) while 
the probability of a candidate who ranked D2 as either the V\ 2"^  or 3'^  appropriate ofbeing an 
average performer was .725*.69/P(D24'^ 5* 6"). The odds of experts relative to average 
performers was .62. 
In comparing the two branches in this combined tree, we could conclude that it was less 
likely for candidates who ranked D2 as the 4出，5 '^' and 6'^  appropriate solution to be an average 
performer than candidates who ranked D2 as the V\ T^, and 3'^  appropriate solution. 
In the odds analysis, it showed that the likelihood of a candidate to be an expert was the 
greatest if s/he allocated more than 32.5% oft ime to A4. The likelihood ofbeing an expert was 
the second greatest for candidate who allocated less than 32.5% of time to A4, and less than 4% 
of time to A5. On the other hand, the likelihood of a candidate to be an average performer 
increased once s/he falls in the third node (i.e. allocating less than 32.5% of time to A4, and 
more than 4% of time to A5). The likelihood ofbeing an average performer was the greatest 
for candidate who allocates less than 32.5% of time to A4, more than 4% oft ime to A5 and less 
than 22.5% of time to A1. The likelihood ofbeing an average performer was slightly lower for 
the candidate who allocates more than 22.5% of time to A1. The above results had transformed 
the tree-based models into scoring scheme that was showed in Fig. 14. 
Insert Fig. 14 
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As the odds analysis had shown, the power in discriminating experts and average 
performers of question D was weaker than that of question A because the odds in both branches 
were below 1. But still, we could classify the candidates who ranked D2 as the 4出，5出，or 6^ 
appropriate solution as less likely to be an average performer than those who ranked the item as 
the 1^ 2"d, or 3^ ^ appropriate. 
The results in odds analysis demonstrated that it was not sufficient for recruiters to 
select candidates by simply referring to the classification trees. A critical interpretation that 
incorporating the results in both tree and odds analyses was necessary in the recruitment 
context. This point was illustrated by 2 cases: In the case of A1, although the left and right 
branch of the (Al)third node in question A (see Fig.lO) were named as average performers and 
experts respectively, the odds analysis showed that we could not classify those people who falls 
in the right branch simply as 'experts', but as ‘less likely to be an average performer'. The same 
case happened in the combined classification tree where D2 was selected as the only predictor 
variable. The odds analysis showed that we could only classify people who rank the item as 
less appropriate as ‘less likely to be an average performer' than those who rank it as more 
appropriate. These two cases best demonstrated the importance of conducting odds analysis. 
We computed the hit rate, false alarm rate and selection ratio of the test based on the 
odds analysis. As A4 was the most discriminating item in the test, it became the sole item 
included in the computation. The computation results showed that the hit rate of the Insurance 
Agents TKT was 0.129 while the false alarm rate was 0.014. Like the case in the HR study, it 
indicated that the test was high in diagnosticity, as its hit rate was approximately ten times 
larger than its false alarm rate. On the other hand, its selection ratio was .05. It indicated that 
only 5 out oflOO candidates who would allocate more than 32.5% oft ime to A4. The test was 
thus considered as highly selective. 
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Despite the selection ratio, the ways of utilizing the scoring scheme are different in 
different recruitment contexts. Suppose there is a recruiter who plans to select 20 individuals 
with the TKT. After the test completion, he finds out that only 15 individuals from the 
candidate pool indicated the expert-like response in the most discriminating item (i.e. 
allocating more than 32.5% of time to A4). How can he select the other 5 candidates in order to 
fill out the quota? He can assess the rest of candidates with their responses in A5. According to 
the scoring scheme, he can select those who allocate less than 32.5% of time to A4, and less 
than 4% of time to A5. Suppose now there is less than 5 candidates who indicates such 
response pattems, what should the recruiter do? He can further assess the rest of candidates 
with their responses in A1 and select those allocates allocate less than 32.5% of time to A4, less 
than 4% of time and more than 22.5% of time to A1. Candidates selected in this round are 
considered as less likely to be an average performer than those who allocate less than 22.5% of 
time to the item. The classification tree ofD2 can be taken as a reference when the recruiter has 
to choose either one between two candidates who are classified as ‘the person who are most 
likely to be an average performer' in question A. 
The second pair: The Experts & Novices (y^y y^ 
Cell Analysis & Cross-validated Tree of Question A 
Question A � T i m e allocation 
The cross-validated classification tree showed in Fig. 16 indicated the item A4 
informatively differentiated individuals in the novice- and expert-category. 
The only one prediction rule ofbeing an expert: 
• Individuals who allocate more than 17.5% of time to A4 (the activity of 'contacting 
new customers'). 
The other one ofbeing a novice: 
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• Individuals who allocate less than 17.5% of time to A4 
The misclassification rate was 15/60 for the prediction rule for experts and 5/21 for 
novices. 
Insert Fig. 16 
Swm-Mp o f C d l Analyses ofQuestions B to F 
C1 was selected as informative predictor variable in question C. The results indicated 
that more individuals in the expert category ranked the item — 'explaining the importance of 
insurance' - as more appropriate whereas more individuals in the novice category ranked the 
item as the less appropriate. D2 and D5 were selected as informative predictor variables in 
question D. The results ofD2 indicated that more individuals in the novice category ranked the 
item 一 ‘ask the client to try your products first’ - as more appropriate whereas more individuals 
in the expert category ranked the item as less appropriate. The results of D5 indicated that 
more individuals in the expert category ranked the item - 'suggest the client to sign the contract 
immediately' - as more appropriate whereas more individuals in the novice category ranked the 
item as the least appropriate. 
For elaborated results of each cell analysis of question B to F, please refer to Appendix 
VII. 
Combined-Tree C Q n _ c t i o n 
We proceeded to the second stage whence all previously selected predictor variables 
were combined to construct a tree for the test as a whole. Three predictor variables C1, D2 and 
D5 were put together in constructing the tree. The shrunken classification tree for predicting 
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novice and expert categories was as below and the plot of the tree was showed in Fig. 17. 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 81 107.8 0.62 0.38 
2) D2 1,2,3 36 9.139 0.97 0.03 
4) C 1,4 6 5.407 0.83 0.17 * 
5) C1 2,3,5,6 30 0 1.00 0.00 * 
3) D2 4,5,6 45 57.29 0.33 0.67 
6) D5 1,2,3,4,5 35 28.71 0.14 0.86 
12) C1 3 8 10.59 0.38 0.63 * 
13) C1 1,2,4,5 27 14.26 0.07 0.93 
7) D5 6 ] £ 0 1.00 0.00 * 
Table 3.7: A tree-based model forpredicting experts and novices 
Insert Fig. 17 
D2 was selected as the predictor variable of the first split based on the maximum 
change in deviance (41.3). The split partitioned the 81 observations into groups of 36 and 45 
individuals (nodes 2 and 3)，depending on whether they ranked D2 item as the 1'', 2"^  and 3'^  
appropriate solution or the 4'^ , 5'^  and 6'^  appropriate. 
Node 2 was subdivided into nodes 4 and 5. However, no informative differentiation 
was indicated in these nodes because of the discordant ranking patterns. Therefore, it was 
unnecessary to further partitioning their children splits. 
Node 3 was subdivided into 6 and 7. D5 was selected as the predictor variable of the 
first split based on the maximum change in deviance (28.59). The split partitioned the 45 
observations into groups of35 and 10 individuals (nodes 6 and 7), depending on whether they 
ranked D5 item as the V\ 2"^ 3'^ 4^^ and 5'^  appropriate solution or the 6^ ^ appropriate. 
Node 7 was not subdivided further. The split of node 6 was not informative as it failed 
to meet the criteria of concordant ranking. 
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The results of cross-validating the shrunken combined tree were showed in Fig. 18. It 
indicated that the lowest deviance was found in four-node tree (with the value of 74). Despite 
it, the above results showed that the three-node tree requiring two predictor variables was an 
informative one. Therefore, we arbitrarily select this tree to be the resultant tree as the 
deviance of this tree was the second lowest (with the value of 82). Fig. 19 indicated the only 
prediction rule ofbeing an expert: 
1. Individuals who rank D2 as 4【'，5'', and 6 '^ and D5 as V\ 2"^ 3 ' � 4 ' ^ and 5^ 
And the two prediction rule ofbeing a novice: 
1. Individuals who rank D2 as 1^ 2""，and 3^'. 
OR 
2. Individuals who rank D2 as 4'^ ，5出，and 6出 and D5 as 6出. 
The misclassification rate was 5/35 for the prediction rule for experts, 1/36 for the first 
rule for novices and 0 for the second rule of novices. 
Insert Fig. 18 
Insert Fig. 19 
In comparing and contrasting the resultant trees for both pairs, we found that A4 and D2 
were the two predictor variables that differentiated experts from 
average performers and novices. For predictor variables A5 and A1, and D2, they 
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differentiated categoreis in the first pair and the second pair respectively. The comparison 
showed that both question A and question D were the critical incidents that informatively 
differentiated people with different level of expertise. 
Discussion 
The tree-based models of the first and second pair showed that novices tended to 
allocate less time to (A4) the activity of'contacting new customers' in their first three months 
than the average-performers and experts, while experts tended to allocate more time to this 
activity as comparing to the other two categories. The differences illustrated that people with 
advancing level of expertise tend to consider the item as more appropriate. 
The post-hoc explanation is that people with higher level of expertise in the insurance 
industry leam that the activity of 'contacting new customers' is one of the most important tasks 
for a new agent. They may consider that the activity urgently requires the new agents to be 
actively involved in order to establish a solid customer-base for future insurance sales. 
Moreover, it may be a task that the new agents can have more control over. It means that they 
can grasp the opportunities of contacting new customers independently rather than relying on 
opportunities offered by the company or supervisors. In contrast, people with lower level of 
expertise may downplay the importance of the activity or underestimate the time required for it. 
Both novices and average performers tended to consider (D2) ‘ask the client to try your 
products first，as more appropriate in dealing with suspected competitors while experts tended 
to consider it as less appropriate. The post-hoc explanation is that people with higher level of 
expertise are well aware that the response of ‘ask the client to try your product first’ not only 
fails to address the basic concerns of the client, but also impose pressure on him/her. The 
forceful response may create ill-feeling to the client and thus reducing the chances of getting 
the contract. In contrast, people with lower level of expertise may not recognize the possible 
negative effects of the response and thus consider the item as more appropriate in dealing with 
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the situation. 
Like the case in the HR study, there are rather few informative items in the TKT of the 
insurance agents that differentiate people with different levels of expertise. The 'useful-few' 
result suggested that most of the items were not able to tap the critical differences in tacit 
knowledge possessed by the experts and novices. Future research can focus on examining 
which kinds of special features that the discriminating items and scenarios generally possess 
and further polishing the test. 
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General Discussion 
The resultant trees of HR TKT and Insurance Agents TKT showed that people with 
different levels ofexpertise in a specific occupation would have different views concerning the 
appropriateness of response items in handling certain critical work-related problems. The 
results were consistent with that obtained by the Sternberg and Wagner's studies. It implied 
that the kind of tacit knowledge possessed by the people with different levels of expertise were 
different. The difference that embedded in the ranking patterns would determine their choices 
of solutions to the work-related problems and might eventually lead to different levels ofwork 
achievement. 
The present study took the first step in tapping tacit knowledge by discriminating 
people in different expertise-categories in terms of their responses injob-related scenarios. We 
also tried to explore the content of tacit knowledge that reflected from the informative results 
by the post-hoc explanations. However, such explanations may not be systematic. Future 
studies can further on our pursuit by conceptualizing the tacit knowledge possessed by people 
with different levels of expertise in the stage of scenario construction, thus facilitating the 
exploration ofknowledge content. 
Although the results showed that only a few items in both tests were informative, it 
does not mean that the rest of the items are useless. The non-informative items in a scenario 
that has only one informative item are considered as useful because their presence creates a 
kind of contingency that influences the ranks participants assigned to each of the items 
available, and thus is instrumental in making one of the items to be informative. For instance, 
if the response items in question 1 o f H R TKT, except Q1.2, were all bad solutions in the eyes 
of most people, Q1.2 would be ranked as the most appropriate by most participants and the 
item would then no longer be an informative item. 
As the results ofboth studies had shown, only a few scenarios had their response items 
been selected in the final tree construction. There are both good and alarming signs of i t . The 
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good sign: The marking schemes of both studies that required only a few items for 
differentiation facilitates parsimonious result-interpretations. The odds analyses for both tests 
also suggest that though with few informative items, the test is a highly selective one. The 
simplicity is good for practical application. In spite of it, one may argue the trade-off of 
parsimony is the diminishing face validity. The argument leads us to think about how 
important the face validity is for a recruitment test? A test with high face validity is good for 
marketing because people generally find a more sophisticated test as appealing. However, face 
validity is only a secondary concern. In the recruitment context, what recruiters concem most 
is the selective power of the recruitment tests. A test that is high in face validity but weak in 
selective power is useless because it fails to perform the basic function of recruitment tests. In 
contrary, a test that is high in selective power but low in face validity would still be useful. 
Examples of the latter case are the TKTs in the present study. After all, face validity is an 
add-on while selective power is the critical concem. 
The alarming sign: As mentioned in the discussion of both studies, the ‘useful few’ 
might be a result of less than appropriate grouping method of participants and item 
construction. The former one can be tackled by using more criteria to group the participants 
into more specific categories. For the HR study, instead of using the recent performance rating 
as the single criterion, other criteria, such as promotion rate, can be used to distinguish 
participants into 'experts' and 'average performers'. But it should be noted that all these could 
only be done if there is a relatively larger sample (would be discussed later). The latter one is 
also a key point of consideration. Results of the research are sufficient to meet its objective of 
embarking on a first step in developing a TKT recruitment test. However, it provides no 
sufficient information for concluding ‘what are the special qualities that a informative item 
combines with the scenario should have in order to distinguish subjects with different levels of 
expertise'. Therefore, attempts to address the issue in the present study would inevitably be 
considered as non-scientific. All in all, exploring the more appropriate way to construct 
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informative item is essential for increasing the number of informative items in order to make a 
more specific and convincing distinction among subjects and that is recommended to be 
addressed by future studies. 
The construction of the two TKTs brings new light to the local recruitment environment. 
The tests serve as a simple but useful screening device to select candidates ofinsurance agents 
and HR professionals. The process can begin with first asking the candidates to complete the 
tests, and second, classify their ranking patterns according to the splits in the classification tree. 
Those candidates have their ranking patterns similar to that of the experts are selected by 
further round screenings because it indicates that they are the potential experts in tHe candidate 
pool. They possessed the kind oftacit knowledge similar to that possessed by experts, and this 
kind ofknowledge would lead them succeed injobs like the experts do. 
Concerning the test administration, recruiters should make sure that candidates are 
working alone when they are completing the tests. Also, it is better for recruiters to keep the 
tests with the least exposure by getting all copies back after completion and making sure there 
is no means for the candidates to make copies. Both practices are to minimize the chances for 
the potential candidates to get help from others. Further, we suggest the recruiters to include 
more non-informative scenarios into the final version of the TKTs. The manipulation of 
complicating the test content aims at exerting filter effect on the candidates, and thus 
minimizing the chances that they may memorize the questions, find out the experts-answers by 
extemal help, and let the practice effect uncontrolled. 
Due to the nature of paper-and-pencil test, the TKTs can only show people's cognitive 
representation of tacit knowledge. In other words, the most the TKTs can tell is how 
appropriate a candidate considers a certain item in dealing with a given scenario. Questions like 
‘would the candidate really act as they say if the case comes to real?' could not be addressed by 
the present study. One may further argue that the characteristic of action-oriented knowledge 
is not reflected from the results obtained from the present study as well. To make up the 
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limitation, we can use the TKTs to supplement the simulation approach where real actions are 
assessed. Assessment center, an example ofsimulation approach, is actually a time-consuming 
and expensive recruitment practice that can only accommodate a few of candidates at a time. 
In the case where assessment center is adopted, recruiters can use the knowledge approach (i.e. 
adopting TKTs as a screening device) to assess the candidates' tacit knowledge. The approach 
helps trimming down the selection numbers for subsequent simulation-oriented assessments. 
In fact, many companies in Hong Kong are now adopting the multi-method recruitment 
practice recruitment (a recruitment practice that uses more than one selection tool), instead of 
single-method recruitment (a recruitment practice that uses only one selection tool, generally 
interview), in most recruitment cases. Recruiters regard the multi-method as a practice that 
helps generating a more comprehensive picture of the candidates' work-related knowledge and 
competence, in tum leading them to make the more appropriate recruitment decisions. Future 
research can study how the TKTs can combine with other selection tools in order to develop a 
more accurate assessment towards the candidates. 
Apart from the above, there were other limitations for the present study. The sample 
size of present study, especially for the expert categories in both of the Lnsurance Agents TKT 
and the HR TKT, were relatively small. An enlarged sample is expected to bring about a more 
convincing distinction among the people with different levels of expertise. Moreover, it allows 
us to further categorize people with different levels of performance or positions, so as to bring 
about a detailed distinction. Future study can invite more companies to sponsor their Human 
Resources staff to participate in the research. To enlarge the expert group, future study can first, 
selecting the high-performing companies where Human Resources practitioners play a 
strategic role; second, selecting the top executives from each company in composing the expert 
group. 
Although the tree-based models have advantages like easier to interpret the set of 
predictors contains a mix of numeric variables and factors, it lacks formal procedures for 
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statistical inference (Clark and Pregibon, 1992). The analysis does not possess much statistical 
properties so that the result significance cannot be calculated by statistical methods. For 
instance, we could not conclude whether the ranking patterns of a given category are 
'significantly different from that ofanother category at certain node，. From time to time, we 
resort to arbitrary criteria and probability calculation in interpreting the results. 
Moreover, the time allowed for the present research is too limited for a more scientific 
validation. Future study can adopt 4-year longitudinal validation study for a group of HR 
trainees who are at the beginning oftheir career. The study begins with collecting the trainees' 
response in the HR TKT at time 1 (the beginning of the training program), subsequently 
tracking each of their rate of promotion and performance ratings every 2 years (i.e. time 2 and 
time 3). The responses of the trainees who have the higher promotion rate and performance 
ratings are to be matched with the ‘expert responses' obtained by the present study. Besides, 
we can also obtain test-retest reliability estimate if responses are collected again at a few 
months after time 1 or time 2. Having said that, we have to take note of the following point i f a 
reliability test is conducted. 
One of the essential elements of tacit knowledge is knowing how to adapt to the 
environment, i.e. keeping pace with the dynamic world (Sternberg, 1996). A solution worked 
three years ago in solving a work-related problem may not work at the present moment or in a 
different context. Thus, the kind oftacit knowledge that helps discriminating against different 
situations and contexts and its critical application are essential for someone to be practically 
intelligent. The TKTs developed at the present study, however, could only capture the tacit 
knowledge of the participants at one time point. Their ranking patterns to certain scenarios 
may vary across time. The variation may be particularly salient in companies, like CLP, that 
regard 'cultural change, as one of the company philosophy. This is a critical point that should 
be taken into consideration if a reliability test is conducted. 
Due to the nature of tacit knowledge, a constant update is necessary to ensure the test 
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best reflects the current company environment, thus brings about informative results for 
recruitment purpose. It can be executed by constantly categorizing staff according to their 
performance level in that year, asking them to complete the test and contrasting their ranking 
patterns with that obtained in this study. Recruiters can also line up with the universities in 
order to obtain updated results from the novice pool. It is expected that after several trials of 
the undertaking, we can find out two kinds of scenarios: the first kind is the scenarios that 
would never happen again due to the change in environment, but the tacit knowledge reflects 
from it is still applicable to any given time in the company in the sense that the ranking pattems 
of the experimental groups are constant over time; the second kind is the scenarios that would 
happen quite frequently despite the changing environment, but the tacit knowledge reflects 
from it is no longer applicable in the company as the ranking pattems experimental groups vary 
across time. 
Other than the time-wise verification, the company-wise verification can also bring 
interesting reference to the study. Future research can extend the sample pool to more 
companies and examine whether the ranking pattems of the expert and novice categories in 
different companies are different. Ifso, it implies that the kind of tacit knowledge captured by 
the tests is not context-free. If the difference is only confined to a few scenarios, it means that 
certain scenarios in the tests are capturing a kind of tacit knowledge that is useful in general 
application. The company-wise verification can examine the applicability of the tests to 
different insurance companies and HR departments in different companies. 
During the course of the test development, we found that the EPS analysis was a useful 
tool that provided a systematic framework for participants to generate critical incidents. 
Further, the TKTs developed from it can also be used in the training context. Trainers of 
insurance agents and HR professionals can adopt the scenarios and the response items as 
teaching materials by asking the trainees to first evaluate the strengths and weakness of each 
response item; second, think of more additional situational constraints that are relevant to 
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define the problems; third, consider the different consequences that may be brought about by 
different solutions. At last, the trainers can give comments to the discussion results. The 
training provides the trainees with a cognitive exercise that trains up the newcomers' analytical 
ability in solving work-related problems, so as to prepare them for future responsibilities. It 
also serves as a systematic framework for knowledge transfer, one of the critical parts in 
Knowledge Management. 
Given its multi-usage, TKT is a cost-effective development that deserves company 
investments. In the future, we would like to see its development flourish in different 





Career Orientation Assessment of Human Resources Professionals (COAHRP) 
I COAHRP is a valid and reliable assessment inventory to assess the career orientation of 
Human Resources (HR) professionals. 
In this inventory, there is a set of work problems that are often encountered by HR 
professionals. Each problem is followed by 5 solutions. You are required to read through 
each problem and rank the provided solutions, from the most appropriate one to the least 
appropriate one, in solving the problem. 
Your ranking will be analyzed in order to find out your career orientation in HR profession. 
Imagine yourself as a HR officer in ABC Co and you are responsible for handling the eleven 
work-related problems. Before you start solving the work problems, please have a brief 
understanding of the company structure: 
Organization Chart ofABC Co. Ltd. 
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Now you can start solving the following problems. 
Case One “ 
You are preparing the material for your boss to present at a top management meeting 
tomorrow. He wanted to include a data analysis report. You do not know how to do it. It 
may take you several hours to learn. You know one of your colleagues is very good at it 
and she can complete it very quickly. Therefore, you asked her to help. Unfortunately, 
she is also very busy and cannot spare her time for you right away. What are you going to 
do? 
1- Beg her to drop her work and help you first because the presentation will be held 
tomorrow. 
2. Ask her to show you the method and do it yourself. 
3. Tell your boss not to include the analysis because of your difficulty. 
4. Tell your boss that you can produce a less complicated analysis but it may not 
have all the details he wants. 
5. Find other colleagues to help. 
Case Two “ 
You are organizing a 4-day training workshop to be conducted by an 
external consultant for the first time. You noted several serious problems 
with the content that the consultant has given you. It is only a few days 
before the workshop. You could not get hold of the consultant because he 
is out of town and wlll not be back until the day before the workshop. 
Other staff in his office knew nothing. What are you going to do? 
7. Find out where the consultant is and discuss the problems ov^ er the phone. 
2. Revise the rundown and let the consult3nt know when he gets back. 
3. Postpone the workshop. 
4. Complain to his boss and ask for another consultant. 
5. Tell the consultant his mistakes when he gets back and expect him to rectify 
them immediately. 
Case Three ~~ 
You are new to the HR unit in this Company. Your boss is away on leave 
and you are acting on his behalf. 
The Company is recently going through restructuring. An existing 
department, Department A, is in the transitional stage of phasing out while 
q new department, is in the formative stage to replace A in two years. 
Meanwhile, Department A has to remain in full operation. 
A group of technical staff in Department A has been selected for positions 
in Department B. According to Department B schedule, it is important to 
have these staff in position within one month. However, to Department A, 
this group of staff handles 40% of the current operation, releasing them will 
be a big problem. The two departments are not willing to compromise. The 
General Manager asked you to solve the problem. ._ 
1. Ask the General Manager what he wants to do. 
2. Recruit from external for Department B. 
3. Recruit from external to replace the staff in Department A. 
4. Ask Department A and B to compromise a transfer of staff by phase. 
5. Ask Department A and B to share their manpower resources until Department A's 
function is completely phased out. 
Case Four “ 
The company is undergoing a total restructuring. Existing employees are 
assigned to new positions through a number of selection processes. You 
are leading a team of two, responsible to provide data support to the Line 
Managers. Your team members have very little computer knowledge. They 
are only responsible for the data input, while you have to take care of all 
the analysis. The IT program that was designed for the purpose can only 
handle simple analysis. It became critical when data increased as the 
number of employees going through different selection processes 
Increased. Line Managers were demanding a variety of reports that the 
system was unable to produce. There was no time to upgrade the system. 
You cannot meet the deadline even if the whole team works overtime. 
What are you going to do? 
1. Get more helpers and do the analysis manually. 
2. Tell the Line Managers that the system is not designed for the kind of reports 
they required. 
3. Let the Line Managers know your problem, ask them to choose from two options: 
1) extend the deadline so that you can do the analysis manually, or2) accept the 
simple versions that you can produce with the existing program. 
4. Ask the Line Managers what they need the analysis for and see if you can find 
other alternatives to satisfy their needs. 
5. Ask your boss for advice. 
Case Five “ “ 
HR has been playing an administrative role for quite a long time. The 
culture has changed. Line Managers are now fully accountable for all the 
HR processes while HR is moving into a consultancy role. Both parties 
have to adjust to the change. Meanwhile, you can expect resistance with 
the transfer of processes. Take for example the recent transfer of leave 
administration. A new leave administrative IT system has be developed so 
that Line Managers can handle all the leave applications, approval and 
recording electronically. You knew there will be resistance to the 
implementation especially from the Line Managers because they still 
believed that this process belongs to HR. Do you know what strategy to 
take? 
1. Send out a memo or circular informing all Line Management Teams about the 
new system. Highlight the features and the advantages to them. 
2. Convince the General Managers first, and let them "sell" the idea to their 
subordinates. 
3. Conduct roadshows to the Line Management Teams to demonstrate how simple 
the system is and that they will have the leave information right at their finger tips. 
4. Conduct workshops for representatives from each Line Department to learn to 
use the system. They can train other staff in the Business Groups afterwards. 
5. Ask the MD to issue a memo informing the Line Management Teams that the 
implementation of the new system is mandatory. 
|Case Six — 一 
The medical care program for industrial staff has been changed. It is now 
run by an extemal medical organization instead of by our Company 
appointed physicians. Since the beginning of the new arrangement, many 
negative comments have been received from our staff. Most of the 
complaints were about the poor medical services provided. You have 
already started to resolve the problems with the vendor. Meanwhile, 
|complaints are getting worse. Is there anything else you can do? 
1. Tell the complainants that you are trying to resolve the problem with the vendor. 
2. Interview the complainants and other staff who have not complained to find the 
root cause of the problem before taking the matter any further with the vendor. 
3. Ask the vendor to investigate the complaints and propose a solution. 
4. Reinstate the expected standard of service to the vendor. If they are unable to 
meet the standard, the Company will have to terminate their contract 
5. Disguise as a patient and see for yourself if the complaints were genuine. If they 
were then raise the issue with the vendor. 
Case Seven ~~ 
A few years ago, due to special justification endorsed by top management, 
a group of staff, although not eligible, was allowed to live in the Company 
quarters at a special flat rate. Today, they are still living there even though 
the justification is no longer valid. Top Management, out of good will, is 
not going to revoke their privilege. However, recently, some of them have 
written to Top Management requesting to move into larger vacant units. 
They even requested not to increase their rate. (Note: According to the 
recently revised housing policy, the quarters are now in square footage 
rate and not a flat rate as it used to be.) Considering their requests in 
isolation，Top Management has an intention to approve them. 
What are you going to do? 
1. Wait for the written approval from Management and inform the requesting 
tenants. 
2. Arrange a meeting with all tenants and discuss the request 
3. Point out the unfairness to top management and stop them from granting any 
further favor. 
4. Point out to that since their stay is under special consideration deviating from the 
Policy, they do not have the same right as the other tenants. Convince them to 
withdraw their requests. 
5. Suggest to Top Management that this is an unfair situation. If they continue to 
stay in the quarters, the new Housing Policy (new rates)should apply to them 
Whether they move to bigger flat or not. If they do not agree, then they should 
move out. 
Case Eight “ 
You are responsible for implementing the Management Development & 
Succession Planning process across the Company that Top Management 
has committed. The objective is to instill the concept so that Line 
Managers can take initiative to develop their staff to fill key positions as 
and when required. Part of the implementation plan is to conduct 
workshops where Department Managers can practice the idea by 
presenting the development plans of their subordinates. Before 
conducting the workshops, you have already briefed them on the new 
process and provided them with the necessary material to prepare their 
plans. In spite of all the effort you have spent in promoting this concept, 
there was obvious strong resistance from some managers. Nevertheless, 
all except one, although reluctant, have agreed to present their plans. The 
one who has refused is hopelessly stubborn. He said he has no time to 
prepare. You do not have the option of missing this department out from 
|the workshop and time is running out. What are you going to do? 
1. Spend time with him personally. Tackle the underlying reason and gain his 
belief. 
2. Get all the Department Heads together and let the believers influence him. 
3. Inform his boss and let him decide what to do. 
4. Inform him that it is a direction from Top Management and there is no option. 
5. Prepare the plans for him. He can redo or modify them whichever way he likes. 
Let him know his options, either to present them himself or you will do it for him. 
I j 
Case Nine 
You are responsible for employees’ medical care plan. One day, you 
received an emergency call from a supervisor. He told you that one of his 
staff working in a remote town out of Guangzhou was injured in a car 
accident last night. He was driving on the highway late at night from the 
work site back to his hotel when his car collided with a head-on traffic. The 
other party did not stop. He was left injured on the highway for hours until 
someone came to his rescue before daybreak. His supervisor, in view of 
his critical condition, has moved him back to Hong Kong for treatment 
immediately. 
You rushed to the hospital right away. The employee was in critical 
condition. In order to save his life, the doctor must amputate his left leg. 
His family requested to move him into a single room after the operation, so 
that they could be with him all the time. A single room is first class, but the 
employee is only eligible for a two-berth second class room. You felt that 
was a fair request. Nevertheless, when you phoned your boss for advice, 
he insisted on the rule. He did not see any justification to make an 
exception, increase the medical expense and setting a precedent. You 
could not disagree with him totally, but still felt that the Company should 
|show a little more sympathy in this case. What are you going to do? 
1. Convince your boss to let the staff stay in a first class room for a few days after 
the operation, and then move him back to a second class room when his 
condition stabilized. 
2. Explain the company policy to the family and the problem in making exception. If 
they insist on a first-class room, they can do so by paying the difference. 
3. You know that the family is allowed to stay with the patient even in a second-
class room. Tell the family that their request could not be justified. 
4. Ask the doctor to justify the request on medical ground. 
5. Pay for the cost of the other bed in a second class room so that he can have the 
entire room to himself. 
Case Ten 
You are a senior manager overseeing a department for two years already. 
You have noted that one of your senior staff, in his forties, was not 
performing up to expectation. You have tried different approaches to 
improve him but in vain. He even failed to deliver some of his major tasks 
this year. The root cause was he was unwilling to change his mind-set. 
More crucial problem was that he has stopped updating himself many 
years ago. You and other managers have concluded that he has reached 
the plateau in his profession. There was no other option but to let him go. 
Nevertheless, knowing he was very eager to stay and considering his track 
record in the old days, you want to make a last effort. What option do you 
|have? 
1- Give him a final warning and set some targets for him to achieve within a time 
frame. 
2. Help him to identify his strengths and weaknesses. Give him tasks that require 
his strengths. Arrange training to help him make up for his weaknesses. 
3. Redeploy him to a lower grade job. 
4. Deploy him to a totally different profession where he thinks he could develop a 
new interest and drive to learn from scratch. 
5. Ask him if he is given a last chance, what he would choose to do to show that he 
is worth retaining. 
|Case Eleven 
You are a new HR officer. If you are asked to plan your first week, how are 
|you going to prioritize the following tasks: 
1. Read the last 12 departmental monthly report. 
2. Find out the roles and responsibilities of other 10 co-workers. 
3. Read the latest annual report and learn the organization chart of the whole 
Company. 
4. Ask your boss what information is relevant to your job and how you can access 
the information. 
5. Read the personnel policies and procedures manual. 
6. Ask your boss what is your first assignment. 
Solutions Sheet 
Please rank the solutions from the most appropriate one to the least appropriate one in solving the 
work problems. 
Case Most Least 
Appropriate Appropriate 
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Cell Analyses of Question 2 to Question 11 
The main theme of this scenario is about how to prepare an urgent analysis for your 
boss's presentation. The classification tree for predicting novice and expert categories was as 
below and the plot of the tree was showed in Fig. 3: 
^ ^ Node 1): 73 original 
^ y ^ observations 
node no. predictor rank no. of devianpe^ prob of prob of terminal 
variable observations^^.^^ novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q1.2 1,2 63 ^1.35 0.81 0.19 
4) Q1.1 3,4 41 /47 .69 0.73 0.27 
5) Q1.1 2,5 2 2 / 8.14 0.95 0.05 
3) Q1.2 3,4,5 l / 6.50 0.10 0.90 * v 
~ l [/ \ r ^ 
deviance: Before � （not 
splitting, the deviance divided any 
was the largest. further 
Table 1.1: A ClaBsified tree for predicmg novice and expert people in question n The fint 
number after the split is the number oforiginal observations. The value of73 because it is the total number of 
participants (or observations). The second number is the deviance, which is the measure ofnode heterogeneity 
used in the tree-growing algorithm. A deviance of zero corresponds to a perfectly homogeneous node. The 
prob. ofnovice in node 1 (i.e. wot node) means in the original observations, the proportion of novice category 
in the total sample is approximately 71%, while the prob. of expert means the proportion ofexpert category is 
approximately 29%. A node that has '*'means it cannot be divided further, i.e. a terminal node. 
The split on the response item 2 of question 1 (Q1.2) partitioned the 73 observations 
into groups of 63 and 10 individuals (nodes 2 and 3), depending on whether they ranked this 
item as the 1st and 2nd appropriate solution or the 3rd, 4th, and 5th appropriate. The former 
group indicated that 81% out of the 63 observations came from the novice category while 
19% came from the expert category. The latter group was not subdivided further, with novice 
category representing 10% and expert category representing 90% of the 10 observations. The 
results could be interpreted as more individuals in the expert category considered the 
response item - 'Ask your colleague to show you the method and do the analysis yourself -
as relatively inappropriate (the category represented 90% at node 3 which was much higher 
than the 29% at the root node); whereas more individuals in the novice category considered 
the item as more appropriate (the category represented 81% at node 2 which was higher than 
the 71% at root node). The former group was subdivided into groups of 41 and 22 
individuals (nodes 4 and 5), depending on whether they ranked the response item 1 of 
question 1 (Q1.1) as the 3rd and 4th appropriate or the 2nd and 5th appropriate. However, it 
should be noted that this partition was not informative because the probabilities at node 4 
(73%, 27%) were close to the base rate (71%, 29%). Therefore, the differentiation may due to 
a random effect and no clear distinction between the novice and expert categories was 
indicated. In addition, the discordant ranking pattem of the former and latter group made a 
informative differentiation impossible as it could not tell which category consider the 
response item as more appropriate. 
As no informative partitions were at nodes 4 and 5，it was unnecessary to look into the 
subsequent partitions. In question 1，the only informative predictor variable selected was the 
second response item (Q1.2). 
Question 2 ~ The Irresponsible Consultant 
The main theme of this scenario is about how to handle an irresponsible external 
consultant. The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q2.3 1,3,4 35 24.88 0.89 0.11 
3) Q2.3 ^ 38 52.26 0.55 0.45 
Table 1.2: A Classified tree forpredicting novice and expert people in question 2. 
The split on the response item 3 of question 2 (Q2.3) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the 1st, 3rd, and 4th appropriate 
solution) and node 3 (ranking the item as the 2nd and 5th appropriate) indicated no 
informative differentiation between the two categories. As a result, no further partitioning 
was needed and no predictor variable was selected in this question. 
Question 3 ~ Departmental Conflict 
The scenario is about handling the departmental conflict in times of restructuring. 
The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 72 85.08 0.72 0.28 
2) Q3.4 1,2 59 75.56 0.66 0.34 
4) Q3.2 2,3 17 12.32 0.88 0.12 
5) Q3.2 1,4,5 42 57.36 0.57 0.43 
3) |03.4 3,4,5 13 0.00 1.00 0.00 * 
Table 1.3: A Classified tree forpredicting novice and expert people in question 3. 
The split on the response item 4 of question 3 (Q3.4) partitioned the 73 observations 
into groups of 59 and 13 individuals (nodes 2 and 3), depending on whether they ranked this 
item as the 1'' and 2"^ appropriate solution or the 3'^ 4出，and 5'^  appropriate. The former 
group indicated that 66% out of the 59 observations came from the novice category while 
34% came from the expert category. The latter group was not subdivided further (with novice 
category representing 100% and expert category representing 0% of the 13 observations). 
The results showed that more individuals in the expert category considered this response item 
—"Ask Departments A and B to compromise a transfer of staff by phase satisfy their needs"-
as appropriate (the category represented 34% at node 2 which was higher than the 27% at 
root node); whereas the individuals who considered it as not appropriate all came from the 
novice category. The former group was subdivided into groups of 17 and 42 individuals 
(nodes 4 and 5), depending on whether they ranked the response item 2 (Q3.2) as the 2"^ and 
3rd appropriate or the 1^ 4^ ^ and 5^ ^ appropriate. However, like the case in question 2, there 
indicated no informative differentiation because of the discordant ranking pattems of these 
two nodes. Therefore, it was unnecessary to continue the partitions. 
In question 3，as a result, Q3.4 was selected as informative predictor variable for 
subsequent analysis. 
Question 4 ~ Work-Overload with Limited Support 
The scenario is about how to meet excessive demands with a primitive TT program 
and limited manpower. The classification tree for predicting novice and expert categories 
was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 72 85.08 0.72 0.28 
2) Q4.3 1,3,4 39 29.87 0.87 0.13 
3) |Q4.3 2,5 33 45.47 0.55 0.45 
Table 1.4: A Classified tree for predicting novice and expert people in question 4 
Like the case in question 2，the split on response item 4 (Q4.3) was not informative. 
The discordant ranking pattems of node 2 (ranking the item as the 1^ 3'^, and 4^ ^ appropriate 
solution) and node 3 (ranking the item as 2"^ and 5^ ^ appropriate) indicated no informative 
differentiation. Thus, it was unnecessary to further separate the remaining response items, 
and no predictor variable was selected. 
Question 5 ~ Introducing a New Leave System 
The scenario is about how to introduce a new leave administrative IT system 
strategically so as to seek the buy-in from other departments. The classification tree for 
predicting novice and expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q5.2 1,2,4 52 69.29 0.62 0.38 
3) |Q5.2 3,5 2l| 8.04| 0.95 0.05 丁^匕丨㊀ 
1.5: A Classified tree for predicting novice and expert people in question 5. 
As in the previous question, no informative differentiation in item 2 (Q5.2) was 
indicated from the discordant ranking patterns of node 2 (ranking the item as the V\ 2"^, and 
4th appropriate solution) and node 3 (ranking the item as the 3^ ^ and 5*^  appropriate solution). 
As a result, no predictor variable was selected. 
Question 6 �Complaints about the Medical Program 
The theme of the scenario is about how to handle the negative comments concerning 
the new medical care program. The classification tree for predicting novice and expert 
categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.72 0.28 
2) Q6.3 1,2,3 43 59.03 0.56 0.44 
4) Q6.5 1,3,4 14 11.48 0.86 0.14 
5) Q6.5 2,5 29 39.34 0.41 0.59 
3) Q6.3 4,5 30 14.70 0.93 0.07 
6) Q6.5 1,3,4 16 0.00 1.00 0.00 * 
7) |Q6.5 2,5 14 11.48 0.86 0.14 
Table 1.6: A Classified tree forpredicting novice and expert people in question 6. 
The split on the item 3 of question 6 (Q6.3) partitioned the 73 observations into 
groups of 43 and 30 individuals (nodes 2 and 3)，depending on whether they ranked this item 
as the l't, 2"d and 3'^ appropriate solution or the 4'^, and 5'^  appropriate. For the former 
group, the novice category represented approximately 56% while the expert category 
represented 44%. For the latter group, the novice category represents approximately 93% 
while the expert category represents 6%. The results showed that more individuals in the 
expert category considered the response item - "Ask the vendor to investigate the complaints 
and propose a solution" - as more appropriate. On the other hand, more individuals in the 
novice category considered the item as inappropriate. Given the informative partition, Q6.3 
was selected as predictor variable. 
The former group was subdivided into nodes 4 and 5, depending on whether they 
ranked the response item 5 (Q6.5) as the i ' \ 3'^ and 4^ ^ appropriate solution or the 2"^ and 5出 
appropriate. The latter group was subdivided into nodes 6 and 7，depending on whether they 
ranked item 5 (Q6.5) as the 1'', 3'^ and 4出 appropriate solution or the 2"^ and 5^ ^ appropriate. 
However, as in the previous question, these partitions were not informative because the 
discordant ranking pattems of both groups indicated no informative differentiation. As a 
result, the splitting process could be stopped at this stage. 
Question 7 ~ Unreasonable Request 
The scenario is about how to decline the unreasonable request from a group of staff 
concerning their accommodation privilege. The classification tree for predicting novice and 
expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 72 87.61 0.72 0.28 
2) Q7.2 2,3,4 52 69.29 0.62 0.38 
3) Q7.2 2_^  20 0.00 1.00 0.00 * 
Table 1.7: A Classified tree forpredicting novice and expert people in question 7. 
Again, the split at nodes 2 and 3 was not informative. Base on the discordant ranking 
pattem of item 2 (Q7.2) at node 2 (ranking the item as the 2"^, 3'^ and 4^ ^ appropriate solution 
and node 3 (ranking the item as the 1 '^ and 5^ ^ appropriate), we could not tell which category 
considers item 2 (Q7.2) as more appropriate or not. As a result, no predictor variable was 
selected. 
Question 8 ~ The Uncooperative Manager 
The scenario is about how to handle a stubbom manager who refuses to join your 
workshop. The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 72 85.08 0.72 0.28 
2) Q8.3 1,2 11 15.16 0.45 0.55 
4) Q8.4 1 ’4 5 5.00 0.80 0.20 * 
5) Q8.4 3,5 6 5.41 0.17 0.83 * 
3) Q8.3 3,4,5 61 65.72 0.77 0.23 
6) Q8.2 1,2 21 13.21 0.90 0.10 
12) Q8.3 3 5 0.00 1.00 0.00 * 
13) Q8.3 4,5 16 12.06 0.88 0.12 
7) |08.2 3,4,5 4o| 48.87 0.70 0.30 
Table 1.8: A Classified tree forpredicting novice and expert people in question 8. 
The tree algorithm chose the response item 3 (Q8.3) as the first split. The ranking 
pattem of node 2 (ranking the item as the 严 and 2"^ appropriate solution) and that of node 3 
(ranking the item as the 3'^ 4'^ and 5'^  appropriate) indicated that more individuals in the 
expert category (54.5% out of 11 observations at node 2) considered this item - "Inform his 
boss and let him decide what to do" - as a more appropriate solution; whereas more 
individuals in the novice category (77% out of 61 observations at node 3) considered it as less 
appropriate. Given the informative partition, Q8.3 was selected as predictor variable for 
sequent analysis. 
Node 2 further split into node 4 and 5 with item 4 (Q8.4). However, the discordant 
ranking patterns of the two nodes were not informative. Thus, no further separation was 
necessary. On the other hand, node 3 further separated nodes 6 and 7 on item 2 (Q8.2). The 
ranking pattem of node 6 (ranking the item as the 1 '^ and 2"^ appropriate solution) and that of 
node 7 (ranking the item as the 3^ ,^ 4^ ^ and 5^ appropriate) indicated that more individuals in 
the novice category (90% out of 21 observations at node 6) considered the item - "Get all the 
Department Heads together and let the believers influence him" - as a more appropriate 
solution. However, the differentiation at node 7 was not informative as the respective 
probabilities were relatively similar to that at root node. In spite of it, Q8.2 could still be 
selected as predictor variable. 
As the partitioning continued, node 6 further split into nodes 12 and 13 on item 3 
(Q8.3). As in the case of nodes 4 and 5, there indicated no informative partition because of 
the discordant ranking patterns of nodes 12 and 13. There was no need to continue the 
splitting. 
Question 9 ~ Request from An Injured Worker 
The main theme of the scenario is about how to handle a request from an injured 
worker. The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q9.2 1,2,3,4 68 78.60 0.74 0.26 
4) Q9.4 1,2 22 20.86 0.82 0.18 * 
8) Q9.2 2,3 8 0.00 1.00 0.00 
9) Q9.2 1,4 14 16.75 0.71 0.29 
5) Q9.4 3,4,5 46 56.53 0.70 0.30 
10) Q9.1 3,4 10 13.86 0.50 0.50 
11) Q9.1 1,2,5 36 40.49 0.75 0.25 
3) |09.2 5 5 6.73 0.40 0.60 * 
Table 1.9: A Classified tree forpredicting novice and expert people in question 9. 
The split on the response item 2 (Q9.2) partitioned the 73 observations into groups of 
68 and 5 individuals (nodes 2 and 3)，depending on whether they ranked the item as the l ' \ 
2"d, 3'd and 4出 appropriate solution or the 5出 appropriate. The latter group was not 
subdivided further (with novice category representing 40% and expert category representing 
60%). The results indicated that more individuals in the expert category considered the 
response item - 'Explain the company policy to the family and the problem in making 
exception. If they insist on a first-class room, they can do so by paying the difference' - as 
the least appropriate. The former group was subdivided into nodes 4 and 5, depending on 
whether they ranked the response item 4 of question 1 (Q9.4) as the 1^^ and 2"^ appropriate or 
the 3rd, 4th and 5'^  appropriate. Results at node 4 indicated that more individuals in the novice 
category (approximately 82% at node 4) considered the item - ‘Ask the doctor to justify the 
request on medical ground，- as more appropriate. However, results at node 5 was not 
informative because the respective probabilities of experts and novices were too close to base 
rate. As node 4 further split into nodes 8 and 9 with item 2, no informative partition was 
indicated because of the discordant ranking of the two nodes. The same case happened at 
nodes 10 and 11 that split from node 5. Likewise, there was no informative differentiation 
and thus no need to continue the partitioning. 
Question 10 ~ The Incapable Subordinate 
The main theme of this scenario is about how to deal with an incapable subordinate. 
The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q10.1 1,3,4 51 53.18 0.78 0.22 
3) Q10.1 2,5 22 30.32 0.55 0.45 
Table 1.10: A Classified tree for predicting novice and expert people in question 10. 
The split on the response item 1 of question 10 (Q10.1) was not informative. The 
discordant ranking patterns of node 2 (ranking the item as the V\ 3'^, and 4^ ^ appropriate 
solution) and node 3 (ranking the item as the 2"^ and 5出 appropriate) indicated no informative 
differentiation between the two categories. As a result, no further partitioning was needed 
and no predictor variable was selected in this question. 
Question 11 �Priorit izing Your First Week 
The main theme of this scenario is about how to prioritize 6 activities in the first week 
of a new HR officer. The classification tree for predicting novice and expert categories was 
as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 73 87.61 0.71 0.29 
2) Q11.5 1,3 19 0.00 1.00 0.00 * 
3) Q11.5 2,4,5,6 54 72.17 0.61 0.39 
Table 1.11: A Classified tree forpredicting novice and expert people in question 11. 
The split on the response item 5 of question 11 (Q11.5) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the V^  and 3^ ^ priority) and node 3 
(ranking the item as the 2"^, 4^ ,^ 5'^  and 6出 priority) indicated no informative differentiation 
between the two categories. As a result, no further partitioning was needed and no predictor 
variable was selected in this question. 
Appendix III 
Baye$ Theorem 
P(E,\E,) = ^(E,\E,)P(E,) 
^(E,) 
*P(E2) is the initial or prior probability 
*P(E,\ E2) is the posterior probability 
The computation above is to find the answer of the question: 
If the result is E� ,what is the probability ofE,? 
Applying the Bayes Theorem to the context ofHR TKT where Q1.2 is selected as predictor 
variable, our two main questions are: 
1. If a candidate ranks Q1.2 as 3'^ 4出，or 5'^  appropriate, what is the probability that he is an 
expert? 
• Prior probability of expert: P(E2) becomes P(Expert) 
• Posterior probability of expert 
who ranks Q1.2 as either 3'^ 4' \ 
or 5th appropriate: P(E,\ E?) becomes P(Expert \ Q1.23?5^) 
As there is 9 out ofthe 21 participants in the expert category rank Q1.2 as 3'^ 4^, or 5^ ^ 
appropriate, the computation is: 
P(Expert \ Q1 .23 'w) = P (Q1 .2_ ,h^ \ Expert) P(Expert) 
_ . 2 _ h ) 




2. If a candidate ranks Q1.2 as 3'^ 4'\ or 5'^  appropriate, what is the probability that he is a 
novice? 
• Prior probability of novice: P(E2) becomes P(Novice) 
• Posterior probability of novice 
who ranks Q1.2 as either 3rd, 4th, 
or 5th appropriate: P(E,\ Ej) becomes P(Novice \ Q1.23^ 4"s^ ) 
As there is 1 out ofthe 52 participants in the novice category rank Q1.2 as 3 ' �4出，o r 5* 
appropriate, the computation is: 
P(Novice \ Q1.23W) = (^Ql-23rd4.h5.h \ Novice) P(Novice) 
/'(Ql-23rd4.h5th) 
_ (l/52) P(Novice) 




Computations of Hit Rate. False Alarm Rate & Selection Ratio 
We use Q1.2 as an example to illustrate the computations. They are based on the 
2 X 2 table shown as below: 
"""""""-^ .^..^ .^_^Category Novice Expert 
Ranking pattem5''------^^ 
NotQl-2...4th.. A — B 
Ql-2,H4,h5.H |C |D 
• A represents the number of novices that do not rank Q1.2 as 3^, 4^, or 5^ appropriate. 
• B represents the number of experts that do not rank Q1.2 as 3'^ , 4山，or 5* appropriate. 
• C represents the number ofnovices that rank Q1.2 as 3 � 4 � o r 5^ appropriate. 
• D represents the number of experts that rank Q1.2 as 3'^ , 4'^ , or 5^ ^ appropriate 
As there is 9 out of the 21 participants in the expert category rank Q1.2 as 3'^ , 4山，or 5^ 
appropriate while 1 out ofthe 52 participants in the novice category indicates these ranking, 
then 
A = 51 
B = 17 
C = 1 
D = 21 
Description |Computation 
• Hit rate on the condition that it is a true expert and D = 3. 
being detected as so: (B+D) 21 
• False alarm on the condition that it is a novice and being C = � 
rate detected as an expert: (A+C) 52 
• Selection The number of people who would pass the test C+D =J^ 
ratio (A+B+C+D) 73 
Appendix V 
保險倾之專業取向職 
Professional Orientation Test for Insurance Agents 
(POTIA) 
年齡: 性別: 
從事保險行業有多少年? 年在國衛工作了多少年？ 年 
入職職位： 現時職位： 









































































Cell Analyses of Question A to Question F 
Question A � T i m e allocation 
The question required participants to imagine themselves as a new insurance agents 
who is planning his first three months over the ten activities provided. The cross-validated 
classification tree for predicting average-performer- and expert- category was as below: 
node no. predictor %of no. of |deviance prob of prob of terminal 
variable time observations aver. Perf. expert node (*) 
T) i ^ 9 9 1 2 3 . 1 0 0 .69 0.31 
2) A4 < 3 2 . 5 9 4 1 1 2 . 7 0 0.71 0 .29 
4) A5 <4 19 2 6 . 2 9 0 . 5 3 0 .47 * 
5) A5 >4 7 5 8 2 . 6 6 0 . 7 6 0 . 2 4 
10) A1 <22 .5 6 7 6 5 . 9 3 0.81 0 .19 * 
11) A1 >22 .5 8 10 .59 0 . 3 8 0 . 6 3 * 
3) A4 > 3 2 . 5 5 5 . 0 0 0 . 2 0 0 . 8 0 * 
Table 2.1: A cross-validated tree-based model for predicting experts and average 
performers in Question A 
The results of cross-validation shown in Fig. 10 indicated that the lowest deviance 
was found in one-node tree. The deviance increased modestly in trees with two to four 
nodes, and sharply from six to fourteen nodes. 
The plot suggested a one-node tree with the lowest deviance (with the value of 144). 
However, a tree required no predictor variable to discriminate between the two categories 
would not be informative at all. Given that, we arbitrarily selected the four-node tree 
because the difference between its deviance and that of one-node tree is relatively small as 
i 
comparing to the trees with more than four nodes. Please see Fig. 11 for the display of the 
cross-validated tree for question A. 
Insert Fig. 10 
Insert Fig. 11 
Table 2.1 showed that the number of original observations was 99’ and the respective 
probabilities of the average-performer- and expert- category at the root node were 69% and 
31%. ‘ 
The split on the response item 4 of question A (A4) partitioned the 99 observations 
into groups of 94 and 5 individuals (nodes 2 and 3), depending on whether they allocate less 
than or more than 32.5% of time to this item. Node 2 indicated that 71% out of the 94 
observations came from the average-performer category, while 29% came from the expert 
category. Node 3 indicated that 20% out of the 5 observations came from the average-
performer category, whereas 80% came from the expert category. And it was a terminal node. 
As comparing to the respective probabilities at the root node, relatively more individuals in 
the average-performer category would allocate less than 32.5% of time to the activity of 
'contacting new customers'; while more individuals in the expert category would allocate 
more than 32.5% of time to the activity. 
Node 2 was subdivided into groups of 19 and 75 individuals (nodes 4 and 5), 
i depending on whether they would allocate less than or more than 4% of time to the item 5 
(A5). The respective probabilities of the average-performer-, and expert- category were 53% 
and 47% at node 4 and 76% and 24% at node 5. The results showed that relatively more 
individuals in the expert category would allocate less than 4% of time to the activity of 
'actively engage in big team projects'; while more individuals in the average-performer 
category would allocate more than 4% of time to the activity. Node 4 was already a 
terminal node while node 5 was subdivided into groups of 67 and 8 individuals (nodes 10 and 
11), depending on whether they would allocate less than or more than 22.5% of time to the 
item 1 (A4). The respective probabilities of the average-performer-, and expert- category 
were 81%, and 19% at node 10 and 38% and 62% at node 11. The results more individuals in 
the average-performer category would allocate less than 22.5% of time to the activity of 
'acquiring knowledge about the company product' while more individuals in the expert 
category would allocate more than 22.5% of time to the activity. 
Question B ~ Career Prospect 
The main theme of this scenario is about how to react to a friend's comment 
concerning the career prospect of an insurance agent. The classification tree for predicting 
average-performer and expert categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations aver. Perf. expert node (*) 
T) ^ 106 131.50 0.69 0.31 
2) B3 4 8 0.00 1.00 0.00 * 
3) B3 1,2,3,5,6 98 125.20 0.66丨 • 0.34| | j 
able 2.2: A tree-based model for predicting experts and average performers in Question B 
The number of original observations was 106’ and the respective probabilities of the 
average-performer and expert categories at the root node were 69% and 31%. 
The split on the response item 3 of question B (B3) was not informative because of 
the discordant ranking pattems of node 2 (ranking the item as the 4th appropriate solution) 
and node 3 (ranking the item as thelst, 2"^, 3'^ , and, 5出 and 6'^  appropriate). As a result, no 
further partitioning was needed and no predictor variable was selected in this question. 
Question C ~ The Unsatisfied Client 
The scenario is about how to handle a customer who is unsatisfied with her 
compensation plan. The classification tree for predicting average-performer- and expert-
category was as below: 
node no. predictor rank no. of {deviance prob of prob of terminal 
variable observations aver. Perf. expert node (*) 
~) root 106 131.50 0.69 0.31 
2) C1 1,2,3,4,5 100 126.80 0.67 0.33 
4) C5 4,5 43 46.64 0.77 0.23 
5) C5 1,2,3.6 57 76.88 0.60 0.40 
3) C1 6 6 0.00 1.00 0.00 * 
Table 2.3: A tree-based model forpredicting experts and average performers in Question C 
The number of original observations was 106, and the respective probabilities of the 
average-performer- and expert- category at the root node were 69% and 31%. 
The split on the response item 1 of question C (C1) partitioned the 106 observations 
into groups of 100 and 6 individuals (nodes 2 and 3), depending on whether they ranked this 
item as the l'\ 2"^, 3 ' ^， 4山， 5出 appropriate solution or the and 6出 appropriate. The 
respective probabilities of the average-performer- and expert- category were 67% and 33% at 
node 2 and 100% and 0% at node 3. The results indicated that more individuals in the expert 
category ranked the item - 'explaining the importance of insurance' — as more appropriate 
whereas more individuals in the average-performer category ranked the item as the least 
appropriate. 
Node 3 was not subdivided further while Node 2 was subdivided into nodes 4 and 5. 
However, like the case in Question B, no informative differentiation was indicated from the 
split because of the discordant ranking pattems. Therefore, it was unnecessary to continue 
the partitions. 
In Question C, as a result, C1 was selected as informative predictor variable for 
subsequent analysis. 
Question D ~ Facing Suspected Competitors 
The main them of the scenario is about how to handle some suspected competitors. 
The classification tree for predicting average-performer- and expert- category was as below: 
node no. predictor rank no. of [deviance prob of prob of terminal 
variable observations aver. Perf. expert node (*) 
T) root 106 131.50 0.69 0.31 
2) D2 1,2,3 17 7.61 0.94 0.06 
4) D5 4,5 5 5.00 0.80 0.20 * 
5) D5 1,2,3,6 12 0.00 1.00 0.00 * 
3) D2 4,5,6 89 116.30 0.64 0.36 
6) D4 1,2 46 50.61 0.76 0.24 
12) D1 1,5 7 0.00 1.00 0.00 * 
13) D1 3,4,6 39 46.40 0.72 0.28 
7) D4 3,4,5,6 43 59.59 0.51 0.49 
14) D1 1,2,4,5 34 46.07 0.41 0.59 
15) D1 ^ 9 6.28 0.89 0.11 * 
Table 2.4: A tree-based model forpredicting experts and average performers in Question D 
The number of original observations was 106, and the respective probabilities of the 
average-performer- and expert- category at the root node were 69% and 31%. 
The split on the response item 2 of question D (D2) partitioned the 106 observations 
into groups of 17 and 89 individuals (nodes 2 and 3)，depending on whether they ranked this 
item as the 1'', 2"^ and 3'^' appropriate solution or the 4*\5^^ and 6^ ^ appropriate. The 
respective probabilities of the average-performer- and expert- category were 94% and 6% at 
node 2 and 64% and 36% at node 3. The results indicated that more individuals in the 
average-performer category ranked the item - 'ask the client to try your products first’ - as 
more appropriate whereas more individuals in the expert category ranked the item as less 
appropriate. 
Node 2 was subdivided into nodes 4 and 5. However, no informative differentiation 
was indicated from the split because of the discordant ranking pattems. Therefore, it was 
unnecessary to continue the children partitions. 
Node 3 was subdivided into groups of 46 and 43 individuals (nodes 6 and 7)， 
depending on whether they ranked item 1 (D4) — ‘offer a general insurance analysis' - as the 
ist and 2"d appropriate solution or the 3'^ 4(h, 5出，and 6出 appropriate. The respective 
probabilities of the average-performer- and expert- category were 76% and 24% at node 6 
and 51% and 49% at node 7. The results indicated that more individuals in the average-
performer category ranked the item as more appropriate whereas more individuals in the 
expert category ranked the item as less appropriate. 
Node 6 and Node 7 were subdivided into nodes 12 and 13, nodes 14 and 15 
respectively. However, no informative differentiation was indicated in both pairs of nodes 
because of the discordant ranking pattems. Therefore, it was unnecessary to further 
partitioning their children splits. 
Therefore, D2 and D4 are selected as informative predictor variables for subsequent 
analysis. 
Question E �Interpersonal Competitors 
The main theme of this scenario resembled that of scenario 4’ but this time the 
competitor was in the interpersonal domain. The classification tree for predicting average-
performer- and expert- category was as below: 
nodeno. predictor rank no. of |deviance prob of~~|prob of~~{terminal 
variable observations novice expert node (*) 
1) root 103 129.20 0.68 ^ 
2) E2 1,4 33 45.72 0.52 0.48 
3) |E2 2,3,5,6 7o| 77.61 0.76| 0.24 丁 
able 2.5: Atree-based model for predicting experts and average performers in Question E 
The number of original observations was 103，and the respective probabilities of the 
average-performer- and expert- category at the root node were 68% and 32%. 
The split on the response item 3 of question E (E2) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the 1^^ and 4'^ appropriate solution) 
and node 3 (ranking the item as the 2"^, 3'^, 5^ ^ and 6^ ^ appropriate) indicated no informative 
differentiation among the three categories. As a result, no further partitioning was needed 
and no predictor variable was selected in this question. 
Question F ~ Conflict Handling 
The main theme of this scenario is about how to handle the conflict in the working 
team. The classification tree for predicting average-performer- and expert- category was as 
below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 103 129.20 0.68 0.32 
2) F4 3 27 18.84 0.89 0.11 
3) F4 1,2,3,5,6 76 102.00 0.61 0.39 
Table 2.6: A tree-based model forpredicting experts and average performers in Question F 
The number of original observations was 103，and the respective probabilities of the 
average-performer- and expert- category at the root node were 68% and 32%. 
The split on the response item 4 of question F (F4) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the 3'^ appropriate solution) and 
node 3 (ranking the item as the V\ 2"^, 4出’ 5^ ^ and 6^ ^ appropriate) indicated no informative 
differentiation among the three categories. As a result, no further partitioning was needed 
and no predictor variable was selected in this question. 
Appendix VII 
Cell Analyses of Question A to Question F 
Question A ~ Time allocation 
The question required participants to imagine themselves as a new insurance agents 
who is planning his first three months over the ten activities provided. The cross-validated 
classification tree for predicting novice and expert categories was as below: 
node no. predictor % of no. of {deviance prob of prob of terminal 
variable time observations novice expert node (*) 
1) root 81 107.80 ^ 0 ^ 
2) A4 <17.5 60 67.48 0.75 0.25 
3) |A4 >17.5 21 23.05 0.24 0.76 
Table 3.1: A cross-validated tree-based model forpredicting experts and novices in 
Question A 
The results ofcross-validation shown in Fig 16 indicated that the lowest deviance was 
found in two-node tree with the value of 102. 
Insert Fig. 16 
The results showed that the number of original observations was 8i, and the 
respective probabilities of the novice and expert categories at the root node were 62% and 
38%. 
The split on the response item 4 of question A (A4) partitioned the 81 observations 
into groups of 60 and 21 individuals (nodes 2 and 3)，depending on whether they allocate less 
than or more than 17.5% of time to this item. Node 2 indicated that 75% out of the 60 
observations came from the novice category, while 25% came from the expert category. 
Node 3 indicated that 76% out of the 5 observations came from the expert category, whereas 
24% came from the novice category. The results showed relatively more individuals in the 
novice category would allocate less than 17.5% of time to the activity of 'contacting new 
customers'; while more individuals in the expert category allocated more than 17.5% of time 
to the activity. The display of the cross-validated tree for question A was showed in Fig. 17. 
Insert Fig. 17 
Question B ~ Career Prospect 
The main theme of this scenario is about how to react to a friend's comment 
concerning the career prospect of an insurance agent. The classification tree for predicting 
novice and expert categories was as below: 
node no. predictor rank no. of {deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 83 111.60 0.60 0.40 
2) B3 4 10 0.00 1.00 0.00 * 
3) |B3 | l , 2 , 3 , 5 , 6 | 73 100.50 0.55 0.45 
Table 3.2: A tree-based model for predicting experts and novices in Question B 
The number of original observations was 83，and the respective probabilities of the 
novice, and expert category at the root node were 60% and 39%. 
The split on the response item 3 of question B (B3) was not informative because of 
the discordant ranking patterns of node 2 (ranking the item as the 4th appropriate solution) 
and node 3 (ranking the item as thelst, 2"^ 3'^ , and, 5出 and 6出 appropriate). As a result, no 
further partitioning was needed and no predictor variable was selected in this question. 
Question C ~ The Unsatisfied Client 
The scenario is about how to handle a customer who is unsatisfied with her 
compensation plan. The classification tree for predicting novice and expert categories was as 
below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 83 111.60 0.60 0.40 
2) C1 1,2 33 44.25 0.39 0.61 
4) C3 2,3,4,5 26 36.04 0.50 0.50 
5) C3 1,6 7 0.00 0.00 1.00 * 
3) C1 3,4,5,6 50 57.31 0.74 0.26 
6) C3 1,3,4 29 38.50 0.62 0.38 
7) |C3 2,5,6 2 l | 13.21 0.90 0.10 
Table 3.3: A tree-based model for predicting experts and novices in Question C 
The number of original observations was 83，and the respective probabilities of the 
novice and expert category at the root node were 60% and 40%. 
The split on the response item 1 of question C (C1) partitioned the 83 observations 
into groups of 33 and 50 individuals (nodes 2 and 3), depending on whether they ranked this 
item as the 严 and 2"^ appropriate solution or the 3'^，4'\ 5^ ^ and 6【卜 appropriate. The 
respective probabilities of the novice and expert categories were 39% and 61% at node 2 and 
74% and 26% at node 3. The results indicated that more individuals in the expert category 
ranked the item - 'explaining the importance of insurance' - as more appropriate whereas 
more individuals in the novice category ranked the item as the less appropriate. 
Nodes 2 and 3 were subdivided into nodes 4 and 5, and nodes 6 and 7 respectively. 
However, like the case in Question B, no informative differentiation was indicated from the 
splits because of the discordant ranking pattems. Therefore, it was unnecessary to continue 
the partitions. 
In Question C, as a result, C1 was selected as informative predictor variable for 
subsequent analysis. 
Question D ~ Facing Suspected Competitors 
The main them of the scenario is about how to handle some suspected competitors. 
The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of |deviance prob of prob of terminal 
variable observations aver. Perf. expert node (*) 
1) root 83 111.60 0.60 0.40 
2) D2 1,2,3 36 9.14 0.97 0.03 
4) D4 2 6 5.41 0.83 0.17 * 
5) D4 1,3,4,5 30 0.00 1.00 0.00 * 
3) 02 4,5,6 47 58.87 0.32 0.68 
6) D5 1,2,3,4,5 37 29.31 0.14 0.86 
12) D4 1,4,5 8 10.59 0.38 0.63 * 
13) D4 2,3,6 29 14.56 0.07 0.93 
7) |D5 6 10 0.00 1.00 0.00 * 
Table 3.4: A tree-based model forpredicting experts and novices in Question D 
The number of original observations was 83, and the respective probabilities of the 
novice and expert categories at the root node were 60% and 40%. 
The split on the response item 2 of question D (D2) partitioned the 83 observations 
into groups of 36 and 47 individuals (nodes 2 and 3), depending on whether they ranked this 
item as the 广，2"^  and 3'^' appropriate solution or the 4th,5th and 6山 appropriate. The 
respective probabilities of the novice and expert categories were 97% and 3% at node 2 and 
32% and 68% at node 3. The results indicated that more individuals in the novice category 
ranked the item - ‘ask the client to try your products first，- as more appropriate whereas 
more individuals in the expert category ranked the item as less appropriate. 
Node 2 was subdivided into nodes 4 and 5. However, no informative differentiation 
was indicated from the split because of the discordant ranking pattems. Therefore, it was 
unnecessary to continue the children partitions. 
Node 3 was subdivided into groups of 37 and 10 individuals (nodes 6 and 7), 
depending on whether they ranked item 1 (D5) - 'suggest the client to sign the contract 
immediately' - as the 1^ 2"^ 3'^, 4^ ^ and 5^^appropriate solution or the 6出 appropriate. The 
respective probabilities of the novice and expert categories were 14% and 86% at node 6 and 
100% and 0% at node 7. The results indicated that more individuals in the expert category 
ranked the item as more appropriate whereas more individuals in the novice category ranked 
the item as the least appropriate. 
Node 7 was not subdivided further while node 6 was subdivided into nodes 12 and 13, 
nodes 14 and 15 respectively. However, no informative differentiation was indicated in both 
pairs of nodes because of the discordant ranking pattems. Therefore, it was unnecessary to 
further partitioning their children splits. 
Therefore, D2 and D5 are selected as informative predictor variables for subsequent 
analysis. 
Question E �Interpersonal Competitors 
The main theme of this scenario resembled that of scenario 4, but this time the 
competitor was in the interpersonal domain. The classification tree for predicting novice and 
expert categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 83 111.60 0.60 0.40 
2) E3 1,3 17 18.55 0.24 0.76 
3) |E3 2,4,5,6 66 80.97 0.70 0.30 
Table 3.5: A tree-based model forpredicting experts and novices in Question E 
The number of original observations was 83, and the respective probabilities of the 
novice and expert categories at the root node were 60% and 40%. 
The split on the response item 3 of question E (E3) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the 广 and 3'^ appropriate solution) 
and node 3 (ranking the item as the 2"^ 4出，5出 and 6出 appropriate) indicated no informative 
differentiation among the three categories. As a result, no further partitioning was needed 
and no predictor variable was selected in this question. 
Question F ~ Conflict Handling 
The main theme of this scenario is about how to handle the conflict in the working 
team. The classification tree for predicting novice and expert categories was as below: 
node no. predictor rank no. of deviance prob of prob of terminal 
variable observations novice expert node (*) 
1) root 83 111.60 0.60 0.40 
2) F5 2,3,4,5 59 64.66 0.76 0.24 
3) |P5 1,6 24 24.56 0.21 0.79 
Table 3.6: A tree-based model for predicting experts and novices in Question F 
The number of original observations was 83’ and the respective probabilities of the 
novice and expert categories at the root node were 60% and 40%. 
The split on the response item 4 of question F (F5) was not informative. The 
discordant ranking pattems of node 2 (ranking the item as the 2"^, 3'^, 4出,and 5出 appropriate 
solution) and node 3 (ranking the item as the 1'^  and 6出 appropriate) indicated no informative 
differentiation among the three categories. As a result, no further partitioning was needed 
and no predictor variable was selected in this question. 
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